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General introduction 
and
outline of the thesis
 
 
Introduction
The human hand is an amazing tool. As a rule, people use it constantly 
throughout the day without putting much thought into it. We use our hands 
in order to communicate with others, to move objects in space, and to 
receive information about the world around us. Most common movements, 
like grasping, involve simultaneous use of multiple fingers, while the human 
hand is also capable of intricate individual movement patterns as playing 
the piano or typewriting. The planning and execution of these movements 
are enabled by a complex neurophysiological network encompassing cere-
bral cortex, cerebellum, brainstem, spinal cord, peripheral nerves, and skel-
etal muscles. From a mechanical and anatomical standpoint, the hand is 
also a very complex object, where muscles both inside and outside the 
hand control a high number of degrees of freedom (DoFs). There is no 
agreement yet in the scientific community about how the hand is able to 
perform its movements, and how the brain is organized in order to allow 
these movements to be generated seemingly without effort [1]–[3]. Pathol-
ogies, such as stroke, spinal cord injury, focal hand dystonia, and amputa-
tion, occur at different levels of the neurophysiological network, resulting 
in a limited or missing control of the hand. In order to be able to restore any 
lost function, more research is needed into both the normal and patholog-
ical control of the hand. 
Overview of voluntary human motor control
Voluntary movements are generated due to specific patterns of muscle 
activation. The organization of these patterns originates in the brain, the 
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most complex organ in the human body. The brain consists of billions of 
neurons, each connected with thousands of others, that process informa-
tion, control the other organs of our body, allow for the learning of new 
tasks, creation of memories, and control of movement. 
Voluntary movements are initiated in the motor areas of the cerebral 
cortex, consisting of the primary motor cortex, the premotor cortex, and 
the supplementary motor area. These three areas work together in order to 
plan, initiate, and execute the desired sequence of muscle activations (see 
figure 1.1 for an overview of voluntary motor control). From the motor areas, 
the neural signals containing the information of the movement are relayed 
by the α-motoneurons in the spinal cord towards the muscles. In parallel to 
this main stream of information, neural signals from the motor cortex are 
also send to the basal ganglia and cerebellum. In the basal ganglia, unwanted 
movements are suppressed, and motor neuron circuits are primed for the 
initiation of movements. The cerebellum uses the information on the planned 
movements in order to detect errors between the intended and executed 
movements. Both these structures project to motor neurons in the brain-
stem, and have a limited output towards the spinal cord as the information is 
mainly send back into the cortex through the thalamus [4].
The signals descending from the spinal cord are organized in motor units, 
also called the ‘final common pathway’ [5]. A motor unit consists of an 
α-motoneuron and all the skeletal muscle fibres it innervates, which are 
generally distributed over a relatively wide area within the muscle [4]. The 
incoming electrical impulses trigger action potentials in the muscles. This 
activity leads to muscle force, which is transmitted to the skeleton predom-
inantly through tendons.  The neural system is able to control the force level 
by varying the number of motor units that fire, and their firing frequency. 
Finally, the forces acting on the skeleton result into the planned movement. 
Measurement techniques
The (simplified) overview of the generation of voluntary movement, 
portrayed in figure 1.1, shows that the control of movement involves multiple 
levels. While this complicates the study of neural control, it also implies 
that motor intention and control can be investigated at different sites, and 
with different techniques. In this thesis, the neural control is probed at 
three different levels. We investigate (1) the output of the whole system 
through measuring forces that are produced at the fingertips, (2) neuro- 
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muscular control with the use of electromyography (EMG) signals, and we 
(3) interact directly with the brain through stimulating the brain with tran-
scranial magnetic stimulation (TMS).
External force measurements have long been employed in neurosci-
ence research to gain an understanding in how the brain either controls 
movement, or how it reacts to perturbations. As early as 1966, force 
measurements were used to investigate how delays in feedback influence 
the stability of the control system [6]. To this day, endpoint forces are 
intensively used in order to investigate both normal [7]–[9], and patholog-
ical motor control [10], [11].
Figure 1.1. Overview of voluntary motor control. Left: organization of the cortical 
areas associated with motor control, and how their signals project to the spinal cord. Right: 
visual representation of signals descending from motor cortex towards spinal cord, after 
which the information is relayed to the muscles. Action potentials of the muscle fibres can be 
picked up at the surface, resulting in the EMG signal used throughout this thesis.
Motor cortex
Spinal Cord
Muscles
Brainstem Cerebellum Basal Ganglia
Thalamus
Forces
Surface EMG
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The EMG signal, the electrical activity of the muscle fibre action poten-
tials, grouped in these so-called motor units, can be measured either intra-
muscularly, or at the surface of the skin. The signal at the skin surface, 
measured with skin surface electrodes, represents the sum of the electrical 
activity of the muscle fibres filtered by a volume conductor (comprised 
by the intermediate layers of muscle and subcutaneous tissue) [12]–[17]. 
Each α-motoneural signal arriving at neuromuscular junctions results into a 
motor unit action potential. Therefore, the surface EMG signal represents 
the information descending from the spinal cord, and allows for a non-in-
vasive window in the neural activity.
TMS is a technique introduced in the mid-1980s that enables the stimulation 
of cortical neurons non-invasively [18]. When applying a TMS pulse, a brief, 
large current is send through a copper coil, inducing a magnetic field around 
the scalp. This field is also introduced into the brain, as the scalp does not 
insulate against magnetic fields. When the strength of the magnetic field is 
high enough, the neurons will depolarize to the extent that they produce 
action potentials, and project onto the motor units. Since the TMS pulse is 
very brief in time, all affected motor units will fire at the same time, leading 
to a large so-called motor evoked potential (MEP) in the EMG signal. This 
MEP will be modulated based on the location and strength of the TMS pulse.
In this thesis, EMG measurements will be used throughout all experiments. 
In chapter 2, EMG resulting from TMS pulses will be compared to EMG 
when people perform either single finger, or complex hand movements. 
The combination of TMS and EMG will allow us to infer how the brain is 
structured, and how this relates to how we use our hands on a daily basis. 
In chapter 3, EMG is paired with measurements of forces exerted by the 
fingers in order to see how people perform single finger movements.  In 
chapters 4 and 5, we use EMG to predict what movement people intend 
to make. In chapter 5, we combine this with force measurements in order 
to check how close we can approximate the forces, and how people change 
their neural control when they learn a new task.
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Neural control of human finger movements
Organization of motor cortex
Hand and finger movements are enabled by 31 muscles located in both the 
lower arm, and in the hand itself, resulting in at least 25 DoFs [19]. As previ-
ously mentioned, the human brain contains billions of neurons, of which many 
are dedicated to controlling motion – with a substantial amount of these 
dedicated to hand motion –, thereby vastly outnumbering the DoFs that 
need to be controlled. So how is our neuronal population organized in order 
to allow for the complex hand movements that we execute on a daily basis?
This search for how the brain organizes itself is not a novel one. While stud-
ying finger movements in 1937, Penfield and Broldrey found that the most 
common response to direct brain electrical stimulation at a single spot was 
that of all fingers together [20]. Research into the correlation between 
movements and the activation of a population of neurons have shown corre-
lations between movement direction [21], [22], movement speed [23], and 
movement distance [24]. While these studies have shown correlations, they 
were not able to show that the brain encodes these parameters. People 
have suggested that instead of these physical values, the brain is optimized 
in order to minimize a certain cost function, such as energy expenditure 
or movement variability [8], [25]–[28]. Others have tried to understand 
this complexity by relating cortical activity to common, multi-finger hand 
movements. Graziano et al. showed that stimulation of the motor cortex in 
monkeys led to them performing movements resembling reaches towards 
the mouth [29]. This led to the belief that frequently performed move-
ments partly determine how the brain is wired. 
Studies in both humans and monkeys support this latter idea. Gentner and 
Classen showed that in humans, end postures during grasping movements 
could be reconstructed by principle components of the finger movements 
during TMS [30], [31]. A series of studies on non-human primates showed 
EMG motor primitives resulting from grasping movements and intracortical 
stimulation resembled each other, and that the motor primitives encoded 
in neurons surrounding a stimulation site matched these evoked by stim-
ulation at that site better than chance [32]–[34]. Chapter 2 of this thesis 
expands on this idea by comparing the EMG structure of TMS, natural 
movements, and single finger movements.
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Constraints to individual finger control
The fact that stimulation of the brain results in multi-digit movements, is 
not the only constraint limiting individual finger movements. Kaplan noted 
in the 1950’s and 1960’s that electrical activation of a muscle part resulted 
in the movement of connected muscle parts ([35] as cited in [36]), while 
he also reported that surgical division of the juncturae tendinum – connec-
tive tissue that couples the extensor tendons of the different fingers –  had 
no effect on the independence of finger extension ([37] as cited in [38]). 
Two alternatives for peripheral neural coupling have been proposed: either 
single motor units innervating muscle bellies of different fingers [39]–[41], 
or a shared input to different motor units that are located in separate 
muscles or muscle bellies [39], [40], [42]–[47].
Multiple studies have investigated mechanical constraints concerning finger 
independence. The category can be divided into two subsections: mechan-
ical connections between tendons, and those between muscle bellies. Inter-
connections between the extensor digitorum (ED) tendons of different 
fingers have been shown, and could account for non-intended forces in 
neighbouring fingers [1]. However, Keen and Fuglevand showed that the 
linkages between these distal tendons only play a minor role in force distri-
bution as the force evoked from intramuscular stimulation of different sites 
of the ED focuses on separate fingers [36]. The forces generated in the 
muscles are not only transmitted to the bone through tendons, but they 
can also act via epimuscular myofascial pathways, where force is either 
transmitted via the connective tissue between neighbouring muscles, or via 
connective tissue between muscles and the bone itself [48]. These myofas-
cial pathways have been shown to be capable of transmitting substantial 
forces within multi-tendoned muscles [49], such as the flexor digitorum 
superficialis, and the extensor digitorum communis, that act as flexor and 
extensor muscles of the fingers. 
Chapter 3 expands on the existing research into the neural constraints to 
single finger movements by investigating the neural drive to both intrinsic 
and extrinsic finger muscles.
13
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Prosthetic control
 
Myoelectric upper limb prostheses
The loss of hand function has a tremendous influence on daily life. In order 
to restore the lost function, it is important to be aware of what movement 
the patient is trying to make. Human-machine interfaces allow the interpre-
tation of human intention by interacting with the neural system. The previ-
ously mentioned multiple levels of motor control allows this interaction to 
happen at different levels, similarly to how measurement techniques can be 
located at the different places. Neural interfaces have been established at 
the level of the brain [50]–[52], peripheral nervous system [53], [54], and 
skeletal muscles [55]–[59]. Currently, the only clinically viable solution is 
myoelectric control, where muscle activity is interpreted in order to under-
stand the user’s intended movement [60]. EMG signals, which provide a 
window into the neural drive, can be mapped to either movements or to 
endpoint forces. In the study of myoelectric control, both mapping strat-
egies have been proposed (see table 1.1 for an overview of research into 
myoelectric control of fingers). However, an EMG-to-movement mapping 
loses its relationship when the prosthesis comes into contact with objects, 
a common occurrence in finger control. Therefore, it might be more inter-
esting to provide an EMG-to-force mapping, where the force results in 
movement when the hand is in free space, or in applied forces when the 
fingers come into contact with an object.
Control strategies
Since myoelectric control of prostheses was first introduced in the 1950s 
[61], most commercially available arm prostheses are based on direct 
control [59], [62]. With direct control, one DoF of the prosthesis (e.g. hand 
open/close) is linked to two electrode sensors covering both the agonistic 
and the antagonistic muscle. In this way, by comparing the sensed EMG 
activity of the sensor pair, a control over two directions of a single DoF 
can be established. An extension of direct control to more than one DoF is 
usually not possible because most users are not able to generate enough 
independent control signals. In order to increase the number of controlled 
DoFs, a co-contraction of the same muscle pair is therefore used to switch 
between DoFs. While this control is cognitively demanding and cumber-
some, it is nonetheless very common due to its high robustness [62].
14
From man to machine
Recently, prosthetic companies have introduced highly dexterous pros-
theses in an attempt to mimic natural hand use [63]–[65]. These prostheses 
allow for the individual control of fingers, making the above described 
direct control not feasible. Two important existing groups of myoelec-
tric controllers aim to overcome the obstacles involved in providing finger 
control: pattern recognition, and regression techniques. Pattern recog-
nition is based on the assumption that people can consistently repro-
duce distinct muscle patterns, allowing the myoelectric controller to map 
these onto specific movements [66]. In the case of an intuitive mapping, 
muscle patterns lead to a movement pattern that they are naturally asso-
ciated with. Commonly, the user will collect a set of labelled data, where it 
is clear what movement was intended when producing a muscle pattern. 
This allows the myoelectric controller to learn the association between 
the pattern and the movement. It is also possible to create a new, non-in-
tuitive, mapping, where the muscle pattern is mapped onto a movement 
that it is normally not associated with [67]. One advantage of non-intuitive 
mapping is that it is not necessary to collect a set of training data, although 
it implies that the user will need time to learn the new muscle-to-movement 
mapping [67], [68]. Previous research into pattern recognition for finger 
control have led to good results. The main drawback of pattern recogni-
tion is that, while classes can include the activation of different DoFs simul-
taneously, these classes still have to be trained separately [69], leading to 
long training sessions [70]. Additionally, the output of pattern recognition 
is either ‘on’, or ‘off’. As a result, there is no possibility to have a certain 
movement patterns at different speeds or forces, which is referred to as 
proportional control, without modifying the algorithm [71], [72].
Regression aims to address the shortcomings of pattern recognition, and 
is especially interesting for finger control, where proportional and simulta-
neous control are principal features of natural use. This technique allows for 
the training of separate DoFs, one for each finger, after which they can be 
controlled proportionally and simultaneously [55], [71]. Theoretically, this 
means that one could train the myoelectric regressor on separate fingers at 
one specific force level, after which any wanted combination of fingers at any 
force level could be predicted, even if they are not part of the training set. 
However, this generalization of training data has rarely been studied, and if 
studied, has proven to be difficult to achieve [73]. Table 1.1 shows that the few 
studies who studied generalization in finger movements [73], [74], did so in 
15
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TABLE 1.1.  Myoelectric finger control literature
Author year m
ov
em
en
t 
m
ap
pi
ng
fo
rc
e 
m
ap
pi
ng
in
cl
ud
es
 o
nl
in
e 
 
co
nt
ro
l
in
cl
ud
es
 
am
pu
te
e 
su
bj
ec
ts
In
cl
ud
es
 
un
tr
ai
ne
d 
m
ov
em
en
ts
re
fe
re
nc
e
Pattern recognition
Nishikawa et al. 1999 x x [77]
Peleg et al. 2002 x [78]
Tenore et al. 2009 x x [79]
Antfolk et al. 2010 x x x [80]
Cipriani et al. 2011 x x x [81]
Khushaba et al. 2012 x x [82]
Zhang et al. 2012 x [83]
Al-Timemy et al. 2013 x x [84]
Anam and Al-Jumaily 2014 x x [85]
Anam and Al-Jumaily 2015 x x [86]
Celadon et al. 2015 x [87]
Kauppi et al. 2015 x [88]
Yang et al. 2017 x [89]
Anam and Al-Jumaily 2017 x x [90]
Na et al. 2017 x [91]
Regression
Sebelius et al. 2006 x x x [92]
Shrirao et al. 2009 x [93]
Castellini and Koiva 2012 x x [73]
Hioki and Kawasaki 2012 x [94]
Gazzoni et al. 2014 x [95]
Gijsberts et al. 2014 x [96]
Gijsberts et al. 2014 x x [97]
Ngeo et al. 2014 x [98]
Ravindra and Castellini 2014 x [99]
Krasoulis et al. 2015 x x [74]
Ngeo et al. 2015 x [100]
Celadon et al. 2016 x x [70]
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an offline manner. This means that they collected movement/force data and 
EMG data simultaneously while participants were following instructions. The 
analysis to see if EMG was able to predict the motions, was done after all the 
necessary data was collected. Offline experiments are able to quantify the 
accuracy of the myoelectric controller, but it has been shown that they lack 
the ability to predict if methods will be valuable clinically [58], [75]. Instead, it 
is important to predict forces based on EMG in real time, commonly referred 
to as ‘online control’, which gives the user the ability to interact with the 
system [75], [76]. In chapters 4 and 5, we investigate whether control of 
untrained combinations of finger movements is possible online, and what 
factors are determining the accuracy of control.
Aim of this thesis
Studying the neural control of hand movements not only enhances our 
understanding how the brain is involved in generating fine movements, but 
can also provide a road map of how to target hand control in different 
pathological states. The aims to this thesis were threefold: 
1. To study how movements that are common in daily life shape how our 
brain controls complex movements (chapter 2)
2. To understand how our brain controls single finger presses (chapter 3)
3. To develop a control strategy for myoelectric prostheses that allows for 
single and combined finger movements (chapters 4 and 5)
Outline of this thesis
As this thesis studies hand control from both a basic neuroscience and an 
applied point of view, it is divided in two sections. In the first, we investi-
gate how the brain controls finger movements (chapters 2 and 3), while 
the second section focuses on prosthetic control strategies that allow for 
movement of single fingers (chapters 4 and 5).
Chapter 2 investigates the covariance structure of EMG activations resulting 
from cortical stimulation, and voluntary movements in both humans and 
monkeys in order to study how closely M1 output neurons represent move-
ments that are frequently made. This study builds on previous work that 
17
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showed that M1 is able to produce the wide spectrum of manual tasks by 
relating its output to the natural statistics of movement. In order to quan-
titatively examine if the movements we make on a daily basis shape the 
output of M1, we collected 3 datasets: (1) while human participants were 
undergoing TMS, (2) while they performed common daily tasks such as 
drinking from a cup, and (3) while they executed single finger presses. We 
also included data collected previously in monkeys while they underwent 
cortical stimulation and performed grasping movements.
In chapter 3, one of the movements included in chapter 2, single finger 
presses, is studied more in depth. When an attempt is made to activate one 
finger independently, the neighbouring fingers also produce involuntary 
forces, a phenomenon commonly referred to as ‘enslaving’. Previous research 
has shown that both neural and mechanical constraints limit single finger 
activations. The aim of this study was to add to the scientific knowledge 
of the neural constraints limiting finger independence by studying muscles 
located both inside the hand and lower arm during single finger presses.
In chapter 4, two myoelectric control strategies are compared during an 
online force hitting task. This study was a proof of concept study to test 
if highly articulate myoelectric prostheses with single finger control can 
be used after a very short training period. Minimization of time spend on 
training is an important factor in prosthetic use, as a long training time is 
an often insurmountable burden for users. 
Chapter 5 investigated if the algorithms that translate muscle activity 
into movements of the prosthesis can be made computationally easy, and 
thus work fast, for complex movements. Twelve able-bodied participants 
completed an online task including both single and combined finger presses 
through both force, and myoelectric control. The inclusion of these two 
control types allowed us to study the influence of performing the myoelec-
tric control task online, and to see how participants adapted their neural 
control to execute a novel task.
Finally, chapter 6 contains an overall discussion that summarizes and relates 
the results from both the neuroscience, and applied section.
18
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Abstract
How are neuronal populations of the motor cortex (M1) organized to allow for dexterous manipula-
tions in the wide range of manual tasks humans perform on a daily basis? The natural representa-
tion hypothesis states that the M1 population of neurons are tuned in such a way that they reflect 
the probability of muscle patterns happening in daily life. To test this hypothesis, we compared the 
muscle patterns resulting from three activation types: cortical stimulation through transcranial 
magnetic stimulation (TMS), natural movements, and single finger movements in 12 participants. 
Electromyography (EMG) activities of 10 intrinsic muscles on the dorsal and palmar surfaces of 
the hand were recorded in all three conditions. The Kullback-Leibler divergence was used in order 
to estimate the differences between muscle activity patterns from the TMS-evoked, and volun-
tary movement tasks. We tested the natural representation hypothesis by comparing these diver-
gences to the lowest possible divergence, which was calculated as the within-movement diver-
gence. The analysis was repeated based on natural and stimulation data in monkeys. Both the 
human and monkey data suggested that the muscle outputs from cortical stimulation and natural 
movements overlap better than chance. However, the overlap of the two distributions was not 
perfect, even when accounting for the variability of the data. There were significant differences 
between the two datasets, suggesting that the strict interpretation of the natural representa-
tion hypothesis does not hold. Further analysis showed that the overlap between TMS and natural 
movements was not unique, as the same level of overlap could be found between TMS and the 
more rare single finger movements. Our analysis shows that the structure of M1 output weights 
cannot fully be explained by natural statistics. Therefore, caution has to be applied when studying 
cortical stimulation in order to understand how M1 controls voluntary behaviour.
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Introduction
The human hand is extremely dexterous, executing a broad range of daily 
activities such as grasping, gesturing, and writing. Hand and finger move-
ments are enabled by 31 muscles located in both the lower arm and the 
hand itself, and it has at least 25 degrees of freedom of movement [1]. 
Neurons in the primary motor cortex (M1) provide direct monosynaptic and 
indirect input to the muscles of the hand [2], [3], vastly outnumbering the 
degrees of freedom that need to be controlled. What is the structure of 
this neuronal population to be able to efficiently control the wide spectrum 
of manual tasks that humans perform? 
Many years of electrophysiology research have indicated that the answer 
to this question is not a simple one: the activity of single M1 neurons does 
not relate in a simple way to movements of individual fingers or activa-
tion of individual muscles  [4]–[7]. Similarly, the population activity cannot 
be simply explained to encode movement direction, force, or any other 
single physical variable [8]–[18]. Rather the temporal activation profiles 
of M1 neurons are complex, reacting to many different movements, often 
with activity occurring for movements of opposite directions [4]. Similarly, 
the muscle activity patterns evoked by transcranial magnetic stimulation 
(TMS), or intracortical micro-stimulation (ICMS) are complex, involving 
multiple muscles and joints [19]–[22]. 
How can we understand this complexity? One important idea, the natural 
representation hypothesis, is that M1 represents in an optimal fashion the 
whole range of normal activities that they need to produce [23]–[25]. That 
is, the structure of output from M1 neurons should be strongly related to 
the natural statistics of movement. Activation of muscles that co-occur 
frequently, should also be coded together [26], and frequently executed 
patterns should have a stronger representation than muscle activities that 
are infrequently produced [27]–[29]. 
There is considerable support for this idea. Gentner and Classen showed 
that in humans, end postures during grasping movements could be recon-
structed by principal components of the finger movements resulting from 
TMS [19], [30]. A series of studies on non-human primates showed motor 
primitives in electromyographic (EMG) signals  from grasping movements 
and ICMS resembled each other, and that the motor primitives encoded 
in neurons surrounding stimulation sites matched these evoked by ICMS 
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at that site better than chance [31]–[33]. These studies clearly show that 
the structure of hand usage has some relation to the structure of muscle 
activity patterns evoked by M1 stimulation.
Both of these sets of studies, however, have one important methodological 
shortcoming: both employ dimensionality reduction techniques to the data, 
and subsequently show that the axes of major variation in the naturally 
occurring data and the recorded data during stimulation overlap more than 
expected by pure chance. Both sets of studies could not quantify how tight 
the relationship of the two full distributions of muscle activities were. The 
strongest version of the natural representation hypothesis would propose 
that the probability of evoking a certain muscle activity pattern should 
match the probability of observing this pattern of muscle activity during 
natural activities. Given the above summarized results, it is also possible 
that the two distributions have a resemblance enough to be better than 
chance, but show substantial and possibly important differences. 
To quantitatively answer the important question whether the formu-
lated natural representation is fully, only partly, or not at all present, we 
compared the full covariance structure of the muscle activity resulting 
from TMS with those observed under natural hand movements. Because 
resemblance between the two may not be specific to the natural statistics 
of movements per se, but rather to basic anatomical constraints, we also 
assess the muscle activity distribution during isolated single finger move-
ments in humans, which occur only infrequently during natural movement 
[34]. Finally, to test the dependence of our results on the relatively crude 
stimulation technique (TMS), we reanalyzed using our techniques a dataset 
using ICMS and grasping movements in monkeys. Our results confirm that 
the M1 output weights reflect some of the regularities of muscle activity 
resulting from natural hand use. However, we show also that many of the 
regularities can be found with single finger movements (and may there-
fore not be specific to the exact distribution of natural statistics of move-
ment). Furthermore, we show that there are real and substantial differences 
between the distributions of stimulation evoked and natural occurring 
muscle activity. 
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Methods
Study 1
Subjects
The study was approved by the ethical committee CMO Region Arnhem- 
Nijmegen, The Netherlands, and written informed consent was obtained 
from all subjects. 13 healthy volunteers were included in the study, of which 
1 was excluded from the analysis due to technical difficulties with the EMG 
recording. So, the analysis was performed in 12 participants (age 25 ± 3 
years, 5 men and 7 women). 
EMG recording
Ten pairs of electrodes were placed on the palmar and dorsal surfaces of 
the right hand: abductor pollicis brevis (APB), flexor pollicis brevis (FPB), 
2nd lumbrical (2Lum), 3rd lumbrical (3Lum), 4th lumbrical (4Lum), abductor 
digiti minimi (ADM), 1st dorsal interosseus (1Do), 2nd dorsal interosseus 
(2Do), 3rd dorsal interosseus (3Do), and 4th dorsal interosseus (4Do). 
Anatomical placement of the electrodes can be seen in figure 2.1A. After 
a standard skin preparation, the Ag/AgCl surface electrodes (Kendall-LTP, 
Chicopee, MA, USA) were placed in belly-tendon arrangement. The elec-
trodes stayed in place during the execution of the different movement 
types. They were connected to a TMSi amplifier (Refa 136, TMSi, Oldenzaal, 
The Netherlands), where the signals were processed as monopolar EMG 
signals. All signals were sampled at a frequency of 2048 Hz and stored for 
subsequent analysis.
Stimulation experiment
TMS was applied with a flat figure-eight shaped C-B60 magnetic coil 
connected to a MagPro X100 magnetic stimulator (MagVenture, Farum, 
Denmark). The coil was positioned at a 45° angle to the sagittal plane over 
the scalp, as this position is known to induce the highest motor evoked 
potentials (MEPs) over M1 [35], [36]. Brainsight Neuronavigation (Brain-
sight, Rogue Research Inc, Montreal, Canada) was used throughout the 
experiment in order to track the exact positions and orientation of the 
TMS pulses.
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First, the hotspot for the 1Do was determined in order to serve as centre 
for the brain stimulation. The resting motor threshold (RMT) was deter-
mined as usual as the minimum stimulator output generating a response 
of at least 50 μV in the EMG of the 1Do for at least 5 out of 10 consecutive 
trials [37]. A grid of 4 by 5 cm with 5 * 6 = 30 grid points (anterior-poste-
rior by medial-lateral) was centred on the hotspot by placing a translucent 
rectangle over the scalp with pre-defined grid points (figure 2.1C).
The stimulation intensity was initially set to 140% of RMT. When no visible 
overt movement was present at the hotspot, the stimulation intensity was 
changed to 150% of RMT. 10 TMS pulses were delivered at each of the 30 
grid points. Additionally, 10 blocks of 10 TMS pulses at random locations 
over the grid were administered, providing a wide range of stimulation. The 
order of the 40 blocks, both grid points and random location blocks, was 
determined quasi randomly. There was a minimal wait time of 5s between 
subsequent pulses. Throughout the experiment, the EMG signals were 
monitored continuously. This online monitoring enabled the experimenter 
to stop the delivery of TMS pulses when the recorded muscles were active 
above resting level.
Natural hand use experiment
In order to create a dataset representing natural every-day gestures 
(example in figure 2.1D), participants performed 8 different movements: 
writing a sentence, typing a sentence, drinking from a cup, using a key to 
open a lock, using scissors to cut paper, scrolling through a phone, using 
a knife to cut an apple, and picking up and biting into an apple. All move-
ments were initiated with a go signal, and the experimenter logged the end 
of the movements by sending a pulse to the EMG acquisition system. Each 
movement type was performed twice in a row. Participants were instructed 
to execute movements as natural as possible at their own preferred speed.
Maximum voluntary capacity experiment
In order to normalize the EMG measurements to subject-specific maxima, 
and to normalize the subsequent single finger experiment to the maxima 
of each finger, a maximum voluntary capacity (MVC) experiment was 
performed. During this and the single finger experiment, all 5 fingers 
of the right hand were taped to 5 individual force sensors (Micro Load 
Cell CZL635, Phidgets Inc, Calgary, Canada). The placement of the force 
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FIGURE 2.1. Experimental design. (A) Placement of electrodes on the intrinsic muscles of 
the hand. (B) Divergences calculated between different muscle activation patterns. Evoked 
patterns by TMS are compared to patterns of both natural movement, and single finger 
movements. The divergence between natural and single finger movements shows if these 
can be interpreted as two distinct movement classes. The lower part of the figure represents 
the movement type, and raw EMG traces for (C) TMS, (D) natural movements, and (E) single 
finger movements.
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sensors was adjusted both in the direction of the length and width of the 
separate fingers, so that the subjects could adopt a comfortable position 
with the elbow in a 120°. Finger forces were measured at 100 Hz and trans-
mitted to a host PC running custom made software in Python version 3.4.4.1 
(Python Software Foundation, Beaverton, USA). Fixing the fingers allowed 
the measurement of both flexion and extension forces. The instructions 
and visual feedback of the tasks were presented to the subject on a 26inch 
LCD screen. The feedback consisted of five bars, each associated with one 
finger, filling the screen to the top when applying flexion force, and to the 
bottom when applying extension force.
During the MVC experiment, a number representing the one finger to press 
(1 - thumb, 2 - index, 3 - middle, 4 - ring, 5 - little) was presented to the 
participants. After the finger indication, they were instructed to press that 
finger as forceful as possible against the force sensor, without moving 
the wrist. Each finger was repeated 3 times, both in flexion and extension. 
When wrist movement was detected by the experimenter, that specific trial 
was repeated.
Single finger experiment
To ensure that the structure of TMS movements specifically resembles 
natural statistics, we also collected a dataset with movement that occur 
infrequently in daily life. In the single finger experiment, the force of the 
instructed finger was visually presented to the participant on the screen. 
The participants were told to press 20% of MVC (indicated as goal on the 
screen) with the instructed finger (example in figure 2.1E), and to keep that 
level for 3 seconds. The participants completed 4 blocks of single finger 
movements each consisting of 4 movements of all the fingers. Each finger 
movement was repeated twice in a row, while the order of the finger move-
ments within a block was randomized.
EMG analysis
EMG signals were recorded from 10 muscles recorded in belly-tendon 
montage. The mean signal from every channel was subtracted, and the 
resulting signal was bandpass filtered (4th order Butterworth filter) 
between 5 and 500Hz. To reduce the influence of cross-talk on the results, 
we applied a de-correlation to all EMG channels based on the resting data 
of the movements, using the covariance-based zero-phase component 
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analysis [38]. Based on the TMS dataset, the resting activity for all chan-
nels was defined as the root mean square (RMS) of the activity during 100 
ms (150-50 ms) before the TMS pulses. 
MEP size of the TMS data is defined as the RMS of the channels between 
10-60 ms after the TMS pulse was delivered minus the rest activity.
For both the single finger and natural movement EMG measurements, 
the EMG amplitude was determined through a sliding window RMS with a 
window size of 100 ms. The processed EMG was downsampled to 100Hz. 
For both movements, only the active part of the data was considered. In 
case of the single finger data, this was defined as the time when partici-
pants were actively pressing at 20% MVC with the instructed finger. Each 
channel was baseline corrected by subtracting the rest activity of that 
channel as defined above. As the RMS of the EMG represents the stan-
dard deviation of a zero-mean stochastic signal, the subtraction was done 
as follows:
    
 (2.1)
Time segments including faulty connections in the EMG-skin interface in 
one of the electrodes were deleted. All data was normalized by dividing 
each channel by the maximum activity on that channel during the MVC 
trials.
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Study 2
To ensure that the results of study 1 were not just a result of the broad 
stimulation of TMS, we reanalyzed an existing monkey dataset containing 
intramuscular EMG measurements during ICMS and object manipulation. A 
complete overview of the methods for study 2 can be found in Overduin et 
al. (2012) [31]. 
Subjects
The study was approved by the MIT Committee on Animal Care. Two rhesus 
macaques (Macaca Mutatta) were included in the study: G1 (5.9 kg, 8 years 
old), and G2 (6.5 kg, 4 years old, male).
EMG recording
For both monkeys, the EMG data of the intrinsic hand muscles, and the 
muscles of the lower arm were included. As a result, the EMG data included 
in this analysis was recorded from 11 (G1) or 13 (G2) chronically implanted 
electrodes. All electrodes were implanted in the left forearm muscles.
Stimulation experiment
Cortical stimulation sites for both monkeys were determined through MRI 
data identification, and sensorimotor mapping using peripheral sensory 
and intracortical electrical stimulation. The ICMS trials used long stimula-
tion trains, from 150 to 500 ms. The trains consisted of 2 x 0.2 ms cathod-
al-leading biphasic pulses at 200Hz. The current was set at 100 μA, except 
for the first 9 sites of G1, where the current was set between 8-80 µA. 
The subsequent analysis was limited to the locations where the ICMS reli-
ably evoked movement on a majority of the trials. Trials where large-ampli-
tude movement proceeded the stimulation were excluded.  In total, 33 (G1) 
and 13 (G2) sites were selected. For these sites, the first seven trials were 
selected for analysis.
Natural hand use experiment
The two monkeys performed a grasping task where they first pressed a button 
to start the trial, after which they reached, grasped, and transported an object of 
various sizes and shapes. The data used consists of 2000 successful trials for both 
monkeys, 40 repetitions of 5 x 5 x 2 (object shape x size x position) conditions.
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EMG analysis
The EMG signals of both the stimulation and natural hand use experiment 
were preprocessed as described in Overduin et al. (2008) [39]. The EMG 
data of all ICMS trains were integrated between 25 and 150ms from the 
onset of each ICMS train for all channels. The data of the grasping experi-
ment were integrated into bins depending on the relative movement speed 
of the animal (bins of 9ms for G1, and 11ms for G2). Subsequently, the data 
was time-aligned to the moment of object removal, and epochs of 100 
samples around this moment were averaged over the 40 trials of each condi-
tion. Each EMG channel is normalized to its maximum integrated EMG level 
observed during the grasping trials for both the grasping and the ICMS data.
Analysis of muscle activation patterns
The strict version of the natural representation hypothesis, where the 
probability of evoking a certain muscle activity pattern should exactly 
match the probability of observing this pattern of muscle activity during 
natural activities, implies that the muscle output fields (w) of single units in 
M1 (figure 2.2B) are sampled from these muscle distributions in everyday 
life (figure 2.2A). To formalize this, we can write the vector of observed 
muscle activities (m) as product of the single unit’s output weights (W) and 
the activity of the single units (a). 
      (2.2)
In the simplest case, stimulation of the neocortex can be understood 
as selecting a set of single units to be activated. The observed muscle 
activity is then the sum of a set of these units. If stimulation were to acti-
vate single units at random, then the covariance matrix for the muscle 
fields of single units (figure 2.2B) and the covariance matrix of muscle 
activity caused by random stimulation (figure 2.2C) can be shown to be 
identical up to a multiplicative scaling constant. This constant will depend 
on how many units are averaged during stimulation and how strongly each 
unit was activated. Note, however, that the mean of the distributions can 
shift in the direction of the average muscle output field. This is because 
many units are activated during stimulation and on average these will 
activate all muscles to some degree. Thus, we would expect that muscle 
activities evoked by (strong) stimulation would be less selective on the 
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Figure 2.2. Predictions of the natural representation hypothesis. (A) The distribu-
tion of muscle activity during every-day life, shown here as the covariance activity of Muscle 1 
and Muscle 2. (B) The natural representation hypothesis states that the output weights (w) of 
single units in M1 are sampled from this distribution. (C) Stimulation of M1 will activate multiple 
units, resulting in a distribution of evoked activities that will have a mean shifted in the direc-
tion of the main covariance in (B), but has the same covariance matrix (up to a scalar).
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muscle level than what we can observe during natural activity. 
These considerations lead to the strong prediction that if the probability 
distributions of muscle activities evoked by (theoretical) single unit stim-
ulation matches the probability distribution during natural movements, 
then the covariance matrices during stimulation and natural movements 
should be the same (up to a scaling factor). On the other hand, the scale 
of the data and the mean of the probability distribution can be consid-
erably different. Furthermore, any higher-order moments of the distribu-
tion (non-Gaussianities) may not be reflected through stimulation, as the 
large-scale averaging over neurons (by the central-limit theorem) would 
only preserve the first two moments. 
This motivates us to test the idea of a direct correspondence between the 
covariance matrices of muscle activation under stimulation, under natural 
activity, and during single finger movements (figure 2.1B). While a number 
of such distance measures are possible [25], [40]–[42], one well-motivated 
one comes from the Kullback-Leibler divergence (KL-divergence) between 
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two Gaussian distributions of the same mean [43]: if P(x) is the distribu-
tion of dataset 1, Q(x) the distribution of dataset 2, and s the scaling factor, 
then the divergence from P to Q is:
      (2.3) 
    
Which translates to
   
            (2.4)
Where ΣP is the covariance matrix of P, and ΣQ the covariance matrix of Q, 
µP the mean of P, and µQ the mean of Q, and d the amount of dimensions 
of the distributions. The scaling factor s was optimized in order to minimize 
the KL-divergence. The distributions are mean-corrected before the calcu-
lation of the KL-divergence, as the means of the probability distributions of 
the different movements can have shifted in the direction of the average 
muscle output, resulting in:
   (2.5) 
  
To estimate the divergence between distributions that arises simply 
from the finite data that underlies each estimated covariance matrix, we 
employed cross-validation. Each movement dataset was split in two sets 
based on odd and even trials. The divergence between the distributions 
resulting from stimulation and other movements was calculated as the 
mean of the divergences between the split datasets. The upper diver-
gence boundary represents the null hypothesis, the divergence that can be 
expected by chance. To determine this, a random dataset is generated by 
shuffling the EMG channel identity of the stimulation datasets, after which 
the KL-divergence between the stimulation set and the random dataset 
was calculated. This randomization process was repeated 1000 times, and 
the reported results for the random dataset are the mean over these repe-
titions. The lower divergence boundary is seen as the lowest possible diver-
gence we can expect when accounting for the measurement noise and the 
repeatability within a single subject. This was calculated as the KL-diver-
gence between the split datasets of the stimulation data.
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Statistical analysis
The consistency of the data was investigated by calculating the correla-
tion between the upper triangles of the covariance matrices of the split 
half datasets. Within-subject correlations of the same movement were 
compared to between-subject correlations of those movements, and with-
in-movement correlations were compared to between-movement correla-
tions for all subjects. The KL-divergences between the distributions of the 
muscle activation of the movements, the random dataset, and the diver-
gence limit were calculated per participant as well. One-way ANOVA was 
used in order to determine a difference between the structures and diver-
gences over all participants. When the test revealed a significant difference, 
post-hoc analysis was performed with a t-test using Bonferroni correction. 
The significance was set at 0.05 in all cases. For study 2 there is no statis-
tical analysis possible on a group level, as only 2 monkeys were included. 
Results
We recorded evoked-muscle activity from intrinsic hand muscles during TMS 
stimulation along various sites in the motor cortex. We also recorded muscle 
activity during natural movements as well as during individuated single finger 
movements. The distinct appearance of the corresponding raw traces for 
each of these activations are illustrated in the lower part of the figures 2.1C-E. 
EMG activity resulting from TMS is time-locked to the pulses, while natural 
movements result in a continuous active signal over all channels. Single finger 
movements result in time-invariant activity in selective channels.
We then characterized the input to the intrinsic muscles of the hand 
during movement, by estimating the covariance matrices (figure 2.3A). 
Two muscles that are recruited together when performing a movement will 
show high covariance (e.g. electrodes 3 and 9 – 2Lum and 3Do). Therefore, 
the structure of the covariance matrix captures the correlated neural drive 
to the muscles of the hand for TMS-evoked movements, and for natural 
and individuated finger movements.  
To quantify the within-subject consistency of the covariance matrices, we 
calculated the average correlation between the upper triangles of the cova-
riance matrices of the split datasets for all movements. These correlations 
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were compared to the between-subject correlations. ANOVA analysis 
found no significant differences in either within-subject (p = 0.25), or 
between-subject correlations (p = 0.28; figure 2.3B). Within-subject correla-
tions were 0.98 ± 0.02, 0.90 ± 0.22, and 0.98 ± 0.02 for TMS, natural, and 
single finger activations. The between-subject correlations equaled 0.34 
± 0.28, 0.35 ± 0.29, and 0.38 ± 0.18 for TMS, natural, and single finger 
activations. Different movements had distinct covariance structures within 
participants, with a within-movement correlation of 0.95 ± 0.08 compared 
to 0.27 ± 0.18 for between-movement correlations (p < 0.001). The matrix 
in figure 2.3C shows the correlation between the covariance matrices of all 
split datasets, averaged over participants. This shows that we can estimate 
Figure 2.3. (A) Covariance matrices of the muscle activation patterns for the different 
movement types. (B) Correlations of the same movements within and between subjects. 
(C) Matrix of correlations within and between movements, representing the mean over all 
subjects. All datasets were split in two based on odd and even trials, allowing for the with-
in-movement correlation. ANOVA analysis found no significant differences in either with-
in-subject (p = 0.25), or between-subject correlations (p = 0.28).
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the covariance structure in each of the 3 conditions approximately equally 
well, allowing for the rest of the analysis.
To quantify the differences in covariance structures between TMS and 
natural statistics, we calculated the KL-divergence. To ensure cross-vali-
dation, we split all datasets in half based on even and uneven trials before 
calculating the covariance matrix, and calculated the divergence between 
all possible pairs of covariance matrices. The outcome of the KL-divergence 
depends on the dimensions of the dataset, therefore resulting in arbitrary 
units. As a result, it is important to quantify the possible upper and lower 
limits of the divergence in order to interpret the results. The upper limit 
of divergence is represented by a ‘random’ dataset. In this dataset, EMG 
Figure 2.4. KL-divergence analysis in humans. (A) KL-divergence from TMS to natural, 
single finger, and random datasets. The lowest possible divergence is calculated as the 
divergence between the split datasets of the TMS. If TMS outputs would be purely based 
on the distributions of natural movements, then there would be no significant difference 
between divergence from TMS to natural, and the lowest possible divergence. (B) The diver-
gence from natural to single finger movements is significantly higher than within the natural 
dataset, indicating that single finger movements are not a subset of natural movements. (C) 
KL-divergence from TMS to the different movements included in the natural dataset. There 
was no significant difference between any of the divergences (ANOVA: p = 0.05).
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channels are shuffled before calculating the covariance matrix and accom-
panying KL-divergence. The divergence from TMS to random (16.08 ± 4.82) 
was significantly higher than the divergence from TMS to natural move-
ments (7.36 ± 3.03, p < 0.001; figure 2.4A). This demonstrates that muscle 
activity patterns of TMS and natural movements overlap more than chance, 
replicating previous research in both humans [19], and monkeys [31].
Notably, the divergence between the TMS covariance structure and the 
natural movement statistics was not zero. Of course, we would not expect 
an exact zero distance even if the two distributions were identical, given 
that each covariance matrix is estimated from finite data. To determine a 
lower boundary of the KL divergence, i.e. the divergence we would expect 
given the measurement noise, we employed cross-validation (see methods). 
The divergence within the split TMS datasets is significantly lower than the 
divergence from TMS to natural movements (0.91 ± 0.41; p < 0.001). Thus, 
muscle activations from TMS and natural movements are not sampled from 
the same distribution, and therefore M1 output weights do not fully repre-
sent natural statistics. 
So far, we have shown that the divergence of muscle activation patterns 
resulting from TMS and natural movements is lower than chance. However, 
we have also shown that TMS and natural statistics result in two distinct 
muscle activation patterns, as their divergence is greater than the lower 
boundary divergence. To test if these results are specific for natural statis-
tics, we also want to test the divergence between TMS and single finger 
movements. However, before we can test this, we have to know if the muscle 
activation patterns of single finger movements is a separate movement 
class, or if they are a part of the natural statistics. The analysis showed that 
the KL-divergence between natural statistics and single finger movements 
(12.87 ± 5.94) was significantly higher than the divergence within natural 
statistics (1.48 ± 2.53; p < 0.001; figure 2.4B), suggesting that single finger 
movements differ significantly from the natural movement statistics. 
The overall analysis of all studied movements in humans shows that there 
is a statistical difference in how much different datasets diverge from the 
TMS data (p < 0.001; figure 2.4A). Both the lower and upper boundary are 
statistically different from the divergence from TMS to natural statistics 
(p < 0.001 for both the lower and upper boundary), and the divergence 
from TMS to single finger movements (p < 0.001, and p = 0.01 for the lower 
and upper boundary respectively). However, the t-test showed no statis-
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tical difference between the divergence from TMS and natural statistics, 
and the divergence from TMS and single finger movements (p = 0.24). This 
shows that the overlap in the muscle activation patterns between TMS and 
natural statistics is not unique.
Due to the lab conditions, the tasks representing natural hand use had to 
be condensed into 8 different movements. The influence of these chosen 
tasks is investigated by comparing the divergence from the muscle activity 
due to TMS with the individual natural movements. Analysis shows that the 
included tasks did not have a significant effect on the divergence from TMS 
to natural hand use (ANOVA: p = 0.05, see figure 2.4C), suggesting that 
the inclusion of the different tasks did not influence the overall divergence 
analysis (figure 2.4A).
TMS stimulation can be seen as a crude method of cortical stimulation, as 
simulation studies show that the electrical field induced by TMS covers a 
wide area of M1 [44]. This might have led to the simultaneous activation of 
most intrinsic hand muscles, leading to the correlated activity seen in the 
muscle activation patterns. Therefore, the study was repeated with ICMS 
and a grasping task in monkeys (study 2), as the ICMS current only directly 
activates the neurons in proximity of the electrode tip [45]. The analysis of 
both monkeys is performed separately since a different amount of muscles 
and stimulation points are included in the datasets. For monkey G1, the 
Figure 2.5. KL-divergence analysis in monkeys. Results for the KL-divergence from 
ICMS to grasp, and random datasets for monkey G1 (left), and G2 (right). The lowest possible 
divergence is calculated as the divergence between the split datasets of the ICMS.
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KL-divergence between the muscle distributions resulting from ICMS and 
the grasping data is 6.27, compared to a KL-divergence of 10.57 for ICMS 
– random, and 1.93 for the lowest possible divergence. The divergence 
values for monkey G2 are 11.43 (ICMS - grasp), 22.63 (ICMS - random), and 
4.11 (lowest possible divergence). Statistical analysis of these values is not 
possible due to the fact that only 2 monkeys are included in the study, but 
the trend of the human data – where the KL-divergence from cortical stim-
ulation to natural hand use situates itself halfway between TMS – random 
and the lowest possible divergence – is replicated (see figure 2.5). This 
suggests that the difference between cortical stimulation and natural hand 
use found in humans was not an artefact from the mode of stimulation, but 
can also be found in the more focused ICMS in monkeys.
Discussion
This study offered a new quantitative method to investigate distributional 
similarities of muscle activation patterns. The results suggest a real differ-
ence between the distributions of stimulation evoked and natural occurring 
muscle activity patterns. The divergence from stimulation evoked to natural 
patterns was smaller than when compared to random patterns. However, 
this was not unique to the movement type, as the same was found for the 
divergence between stimulation evoked and single finger muscle activation 
patterns. Therefore, the strict interpretation of the natural representation 
hypothesis does not hold. In that case the probability of evoking a certain 
muscle activity pattern by transcranial stimulation should exactly match 
the probability of observing this pattern of muscle activity during natural 
activities.
Our results showed that the covariance structures of different types of 
movements are consistent within participants, and that different move-
ment types have distinct covariance matrices (figure 2.3A). This confirms 
the distinction between the raw EMG patterns for the different movements 
(figure 2.1C-E). However, the KL-divergence analysis revealed that there is 
an underlying common pattern between the movements, as the divergence 
from TMS to natural statistics was smaller than chance. This result is a repli-
cation of previous studies based on dimensionality reduction of the output 
space in both humans [19], and monkeys [31]. It suggests that M1 outputs 
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are related to the way we use our hands on a daily basis [25]. Although 
this demonstrates a certain overlap between the two distributions, the 
natural representation hypothesis can be rejected as its validity would have 
resulted in an exact correspondence between the TMS and natural move-
ment datasets. 
If hand movements could only be controlled via learnt motor primitives, then 
how are humans capable of performing hand actions that are rare in daily 
life? Our ability to perform rare movements without much thought suggests 
that the population responses of M1 probably reflect more than just these 
motor primitives. To test how distinct the muscle activations from TMS and 
natural statistics were, we also compared their divergence to the lowest 
possible boundary of the divergence, the divergence between the split 
datasets of the same movement. This showed that the TMS-natural statis-
tics divergence is significantly greater than the lowest possible boundary, 
suggesting that the whole space of evoked movements is shaped by usage, 
but encompasses activity outside the structure of daily usage. This is reas-
suring, as it shows that people can find solutions to control rarely occur-
ring movements, or create new muscle activation patterns, even when they 
specifically break common co-activation patterns [46]–[48].
We showed that there is a common pattern between TMS and natural 
movements, despite a real difference between two movements. To see if 
this overlap was unique for natural movements, we also tested the overlap 
between TMS and single finger movements, as these are rare in daily life 
[34]. After demonstrating that single finger movements are not a subset 
of natural movements, we showed that the divergence between TMS and 
natural statistics is not significantly smaller than the divergence between 
TMS and single finger movements. This suggests that there is a common 
pattern in all executed movements that is not necessarily related to the 
probability of that activation pattern occurring in daily life. If the muscle 
activation patterns resulting from stimulation evoked and voluntary move-
ment are not representing the statistics of daily use, then what strategy 
could result in these common patterns over distinct types of movement?
The use of the KL- divergence allowed us to quantify the dissimilarity 
between different muscle activity distributions without the need for dimen-
sionality reduction [43]. The reduction of movement or muscle activity 
space might conceal the finer variations that lead to these rare move-
ments. Previous studies that have limited their analysis to subspaces of 
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movements perhaps overestimated the extent by which M1 outputs are 
explained by hand usage patterns. Dimensionality reduction of muscle 
traces into synergies reveals the underlying patterns, where the synergies 
that explain most of the variance are commonly those that show activation 
of all muscles involved [39], [49]. Our results suggest that these synergies 
are not fully encoded as M1 output weights, which would be the case if the 
natural representation hypothesis holds. However, synergies are still valu-
able to explain resulting muscle patterns. They suggest that the optimiza-
tion in our brain leads to movements that are executed through the use of 
a wide range of muscles for all movements.
 Over the last four decades, researchers have been trying to uncover which 
variables the brain optimizes during voluntary movements. The results indi-
cated that the brain does not optimize any specific physical value, such 
as movement direction, or force [8], [11], [13], [17], [18]. One other theory 
attempting to explain the optimization during voluntary movements is 
optimal feedback control [50], [51]. According to that theory, the brain opti-
mizes activation patterns based on the sum of squared motor commands 
in order to minimize the error between the actual movement, and the 
movement the brain predicted would follow from that activation pattern. 
When this theory incorporates signal dependent noise [52]–[54], where 
the amplitude of the noise is dependent on the amplitude of the move-
ment, than it predicts that movements should be executed by spreading 
the activity over different effectors [51], [55]–[57]. This spread of activity 
over the different muscles could be the underlying broad activation that 
lead to the overlap in muscle activation patterns in our study. However, it 
is important to note that we did not specifically design the experiment in 
order to test optimal feedback control.
TMS does not have a localized spatial stimulation of M1 neurons [44], and 
might have led to the simultaneous activation of most investigated muscles. 
To test if our results were not a consequence of the stimulation method, 
we repeated the analysis with previously reported ICMS monkey data [31]. 
The analysis of the monkey data revealed the same pattern as the anal-
ysis based on TMS, namely that the divergence from stimulation evoked 
muscle activation patterns to these in natural movements situates itself 
about halfway between the upper and lower boundaries of the divergence. 
The electrical stimulation in ICMS is localized. However, it is important to 
note that muscle activity included in the analysis resulted from stimulation 
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trains that lasted 150ms, during which remote neurons could also be acti-
vated through inter-neuronal connections [45]. 
Due to the nature of the study, we performed the experiments in labora-
tory environment. As a result, we narrowed down the natural movements to 
8 different movements. The specific movements included, such as typing, 
might have influenced the results. However, analysis of the separate natural 
movements showed that there was no statistical difference between the 
divergences from TMS to any of the movements. 
The surface EMG signals collected were all from intrinsic muscles in the 
hand, and were therefore spaced closely together. As a result, they could 
pick up cross-talk, unwanted signals from the close-by muscles [58], 
[59]. The experiment was designed in order to avoid as much cross-talk 
as possible by using bipolar electrodes, and investigating small super-
ficial muscles [60]. However, a small amount of residual cross-talk might 
still be residual after these preventive measures. Cross-talk would have an 
important influence, as the same structure of cross-talk is present in all 
movements, except for the random dataset. The reshuffling of the EMG 
electrode identity changes the cross-talk structure, therefore artificially 
inflating the divergence from TMS to random. To avoid this, we de-cor-
related all datasets before the analysis based on the zero-phase compo-
nent analysis of the data when participants were at rest. 
Conclusion
We showed that the covariance structures of muscle activation patterns 
evoked by cortical stimulation, and those from voluntary daily movements 
partially overlap. However, the two structures are distinct, and the overlap 
with evoked movements is not unique to natural actions. The shared pattern 
between the three studied movements – cortical stimulation, natural move-
ments, and single finger movements – suggests an underlying broad acti-
vation of the muscles. Analysis of a monkey dataset including intramus-
cular EMG signals resulting from ICMS and grasping movements confirmed 
our findings. These results suggest that the strict interpretation of the 
natural representation hypothesis does not hold. Therefore, caution has to 
be applied when interpreting results from cortical stimulation studies in the 
context of the control of voluntary behaviour.
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Distinct neural control  of intrinsic and extrinsic muscles of the hand during  single finger pressing
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Abstract
Single finger force tasks lead to unintended activation of the non-instructed fingers, 
commonly referred to as enslaving. Both neural and mechanical factors have been associated 
with this absence of finger individuality. This study investigates the amplitude modulation of 
both intrinsic and extrinsic finger muscles during single finger isometric force tasks. Twelve 
participants performed single finger flexion presses at 20% of maximum voluntary contrac-
tion, while simultaneously the electromyographic activity of several intrinsic and extrinsic 
muscles associated with all four fingers was recorded using 8 electrode pairs in the hand 
and two 30-electrode grids on the lower arm. The forces exerted by each of the fingers, in 
both flexion and extension direction, were recorded with individual force sensors. This study 
shows distinct activation patterns in intrinsic and extrinsic hand muscles. Intrinsic muscles 
exhibited individuation, where the agonistic and antagonistic muscles associated with the 
instructed fingers showed the highest activation. This activation in both agonistic and antag-
onistic muscles appears to facilitate finger stabilisation during the isometric force task. 
Extrinsic muscles show an activation independent from instructed finger in both agonistic 
and antagonistic muscles, which appears to be associated with stabilisation of the wrist, with 
an additional finger-dependent modulation only present in the agonistic extrinsic muscles. 
These results indicate distinct muscle patterns in intrinsic and extrinsic hand muscles during 
single finger isometric force pressing. We conclude that the finger specific activation of 
intrinsic muscles is not sufficient to fully counteract enslaving caused by the broad activation 
of the extrinsic muscles.
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Introduction
The human hand is capable of intricate individual finger movement patterns 
as playing the piano or typing, while most common movements – like 
grasping – involve simultaneous use of multiple fingers. The analysis of both 
types of movement show that fingers do not move independently from one 
another [1]–[7]. A recent study showed that this lack of individuation only 
starts after an initial range of movement in which independent movement 
is possible [8]. Previous studies on force enslaving, i.e. the involuntary force 
production by non-intended fingers, investigated the factors limiting this 
independence [6], [9], [10]. Both neural and mechanical constraints limit 
finger independence, and while these constraints may simplify the control 
of certain common multi-finger movements, they also enforce limitations on 
single finger mobility [5], [9], [11], [12]. Another corroborated finding is that 
the highest indices of unintended movement can be found in the non-in-
structed fingers adjacent to the instructed ones [6], [8], [11], [13]–[16]. 
When considering both the neural and the mechanical constraints to the 
independence of finger movements, mainly the extrinsic hand muscles have 
been considered [1], [7], [13], [15]. However, the intrinsic muscles, located 
within the hand, are largely involved when it comes to the fine control of 
single finger movements. When performing different types of hand move-
ments, the intrinsic and extrinsic muscles have distinct tasks. In a precision 
grip, all muscles are co-activated, and the muscle activity will increase with 
force [17], [18]. But while intrinsic muscles show high correlations to grip 
force, the extrinsic muscles have  lower correlations [19], [20]. More specifi-
cally, the intrinsic hand muscles have been indicated to control individuated 
and subtle manipulations of finger movements [18]–[20]. The lumbricals, 
at the palmar side of the hand, are not only involved in the flexion of the 
metacarpophalangeal (MCP) joints, but also in the extension of proximal 
interphalangeal (PIP) and distal interphalangeal (DIP) joints [21], [22]. The 
agonistic and antagonistic extrinsic hand muscles together appear to be 
mainly used to stiffen the wrist and finger joints and play a role in providing 
the main force for the movement [19], [23]–[25]. 
This study aims to investigate (1) the neural control of both intrinsic and 
extrinsic muscles during single finger presses, and (2) how this relates to 
finger force enslaving. To focus on the neural drive, received by both muscle 
groups, this study uses static finger presses as the influence of mechan-
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ical connections within the hand appears to be small in such conditions 
[9], [11]. We test the following hypothesises:  (1) Both intrinsic and extrinsic 
muscles will show co-activation of agonistic and antagonistic muscles in 
order to stabilise the finger and wrist; (2) In the intrinsic muscles, we expect 
to see modulation of this co-activation based on the instructed finger; (3) 
In the extrinsic muscles, we expect to see a more broad activation in both 
agonistic and antagonistic muscles independently of the instructed finger 
required for wrist stabilization. 
Methods
Subjects
The study was approved by the local ethical committee (CMO Regio 
Arnhem-Nijmegen, The Netherlands), and written informed consent was 
obtained from all subjects. Thirteen healthy volunteers were included in the 
study, of which one was excluded from the analysis due to technical diffi-
culties with the electromyography (EMG) recordings. Thus, the analysis was 
performed on 12 participants (age 25 ± 3 years, 5 men and 7 women).
Experimental setup
The index, middle, ring, and little finger of the right hand were taped to 4 
individual force sensors (Micro Load Cell CZL635, Phidgets Inc, Calgary, 
Canada). The placement of the force sensors was adjusted both in the direc-
tion of the length and width of the separate fingers so that the subjects 
could adopt a comfortable position with the elbow in a 120° angle, the wrist 
in line with the lower arm, and the MCP joints in a 120° angle (figure 3.1). 
Finger forces were measured at 100 samples/s and transmitted to a host 
PC running custom made software on Python version 3.4.4.1 (Python Soft-
ware Foundation, Beaverton, USA). Fixing of the fingers to the force sensors 
allowed the measurement of both flexion and extension forces. The wrist 
was not constrained in order to represent natural finger use more closely.
Eight pairs of electrodes were placed on the palmar and dorsal surfaces 
of the right hand: 2nd lumbrical (2Lum), 3rd lumbrical (3Lum), 4th lmbrical 
(4Lum), abductor digiti minimi (ADM), 1st dorsal interosseous (1Do), 2nd dorsal 
interosseous (2Do), 3rd dorsal interosseous (3Do), 4th dorsal interosseous 
(4Do) (figure 3.1). After a standard skin preparation, the Ag/AgCl surface 
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Figure 3.1. (A) Position of intrinsic EMG electrodes. (B) View of placement electrodes on 
posterior side of the hand and arm. (C) Side view of custom force device. (D) Top view of 
custom force device. To insure clarity of the force device, pictures in (C) and (D) were taken 
before the application of EMG electrodes and taping of the fingers.
electrodes (Kendall-LTP, Chicopee, MA, USA) were placed in belly-tendon 
arrangement for the measurement of the intrinsic muscles. Additionally, a 
grid of 6x5 electrodes was placed on both the anterior and posterior side of 
the right forearm, targeting the flexor digitorum superficialis (FDS) muscle 
and extensor digitorum communis (ED) muscle respectively (figure 3.1).  The 
extension grid started at the mid-point between styloid ulna and the olec-
ranon, after which the 6 electrodes along the length of the arm were placed 
distal from these at a 1cm interval. If a lack of space was present, the last elec-
trode was placed proximal of the arm mid-point. The grid was completed by 
placing the other rows of electrodes towards the radial side of the posterior 
forearm, at 8mm intervals. The flexion grid was placed in a similar fashion, 
but here the starting line was drawn between the styloid ulna and where the 
radius meets the elbow. The rows were placed towards the radial side of the 
anterior forearm, also at 8 mm intervals. The electrode placement for both 
intrinsic and extrinsic muscles were based on previous literature [16], [26]. 
The reference electrode was placed at the styloid ulna. All 77 electrodes 
were connected to an electrophysiological amplifier (Refa136, TMSi, Olden-
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zaal, The Netherlands). The signals were collected at a sampling rate of 2048 
samples/s with a resolution of 18.39 nV per least significant bit through the 
system’s recording software (TMSi Polybench, TMSi, Oldenzaal, The Nether-
lands) and stored for subsequent analysis. 
Experimental protocol
The instructions and visual feedback of the different tasks were presented 
to the subjects on a 26inch LCD screen. The feedback consisted of four bars, 
each associated with one of the fingers, filling the screen to the top when 
the subject applied flexion force, and to the bottom of the screen when they 
applied extension force. The screen was updated at a rate of 10Hz.
First, the subjects performed maximum voluntary contraction (MVC) trials 
for each of the four fingers, both in flexion and extension direction. A number 
representing the finger to press (2 – index, 3 – middle, 4 – ring, 5 – little) was 
presented to the participants. After the finger indication, they were instructed 
to press that finger as forceful as possible against the force sensor, without 
moving the wrist. During the trial, the participants received online feedback 
of the force of all recorded fingers. The MVC trials were repeated three 
times for all fingers, both in flexion and extension. When wrist movement was 
detected by the experimenter, that specific trial was repeated.
Second, the subjects performed submaximal single finger presses. The 
normalized force of the instructed finger was visually presented to the 
participants on the screen. The participants were instructed to press 20% 
of force during MVC (indicated as a goal line on the screen) in the flexion 
direction with the indicated finger and to keep that level for 3 seconds. The 
participants completed 4 blocks, each consisting of 4 force presses of each 
of the fingers, resulting in 16 repetitions per finger over the course of the 
experiment. Each finger was repeated twice in a row (e.g. 4 4 2 2 3 3 5 5), 
while the order of the finger movements within a block was randomized.
Data analysis
 
Force data
Throughout the study, flexion forces were represented as positive, while 
extension forces were indicated as negative. Force signals were low pass 
filtered (10 Hz zero-phase 4th order Butterworth). MVC force was calcu-
lated as the highest value for the instructed fingers over the 3 MVC trials 
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(Table 3.1). In order to calculate the enslaving effect in the subsequent 
20% MVC experiments, only the active and stable data at 20% MVC force 
of each trial was selected. Transient periods where the absolute time 
derivative of force for the instructed finger was above 30% MVC/s were 
ignored. In addition, only data within 3 standard deviations of the mean 
of the force data of the instructed finger were retained (figure 3.2). This 
step was introduced in order to exclude data where participants had a 
sudden increase/decrease in force. As a result, the final analysis was done 
on 79 ± 3, 79 ± 4, 76 ± 10, and 77 ± 5 percent of the available data for 
the index, middle, ring, and little finger respectively. The enslaving effect 
of the non-instructed fingers was calculated as Fnorm, the mean force 
produced by these fingers normalized by their earlier determined MVC 
force [7], [11], [15].
Table 3.1. MVC values (N) for both flexion and extension measurements.  
Index Middle Ring Little
Flexion 17.7 ± 9.2 16.0 ± 8.5 12.2 ± 5.4 10.3 ± 4.3
Extension 5.9 ± 1.5 5.4 ± 1.7 4.2 ± 1.4 3.7 ± 1.1
Means ± SD of all 12 subjects are shown.
EMG data
EMG signals were analysed as belly-tendon pairs for the intrinsic muscles 
and as bipolar derivations between nearest neighbours along the length of 
the arm for the electrode grids. The latter resulted in a 5x5 bipolar elec-
trode grid both for the flexion and for the extension side of the forearm. 
The advantage of the bipolar derivation with a small (1 cm) interelectrode 
distance is that it leads to a reduction in cross-talk [27]. All EMG signals 
were mean corrected, and bandpass filtered (zero-phase 4th order Butter-
worth) between 10 and 500Hz. The root mean square (RMS) of the signal 
was determined with a sliding window of 100ms, after which the signal was 
resampled to 100Hz to match the force signals (figure 3.2). The resting 
value, defined as the lowest mean RMS over a 1s window over all trials, was 
subtracted from each channel, and the data was cleaned from obvious 
outliers due to loss of proper EMG-skin connection. All data was normal-
ized by dividing each channel by the maximum activity on that channel 
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Figure 3.2. Data selection. Force traces for all finger forces, and EMG traces of 4 muscles 
can be seen for 5 consecutive finger presses. Only data in black is retained for analysis. This 
selection was introduced in order to exclude data that was not representative of an isometric 
20% MVC press, e.g. the overshooting of the little finger target at the beginning of the first 
trial. This also ensured that non-representative peaks were not included in the EMG analysis.
during the MVC trials (EMGnorm). The neural activation in EMG channels 
during each finger press was calculated as the mean EMGnorm for that 
trial during the same active and stable duration calculated for the forces 
(figure 3.2). 
In order to perform the activation analysis on the extrinsic muscles, each 
finger movement was associated with a single electrode pair placed on the 
extrinsic muscles in both flexion and extension. The method used to select 
the extrinsic channels was based on Van Beek et al. (2016). In brief, for 
each finger, the channel with the highest cross-covariance to the Fnorm of 
that finger was selected. Cross-covariance partly relies on the EMG ampli-
tude of the channel. However, the selected channel was not necessarily the 
channel with the highest EMG amplitude for that finger, as it also depends 
on the correlation with the force profile. The channel selection was deter-
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Figure 3.3. Cumulative representation of the FDS and ED muscle positions over the 
different participants. The grid represents the 5 x 5 bipolar electrodes. Flexor muscles 
(agonist in the flexion task) are shown darker than the extensor muscles (antagonist in the task).
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mined based on the MVC trials, as these consisted of both flexion and 
extension finger presses and were independent of the single finger trials 
of the actual analysis. In order to select channels associated with flexion 
movements, only the channels on the ventral side of the arm were consid-
ered, while only these on the dorsal side were taken into account for the 
extension selection. The selection algorithm determined the channels 
with the highest cross-covariance between EMGnorm and the Fnorm for each 
finger. In some cases, an extrinsic channel was selected for more than one 
finger. In this case, the highest unique channel was selected instead. For 
the flexion channels, the channel with the highest cross-covariance could 
be selected as representative for that finger in 63% of the cases (rank 1), 
the mean rank was 1.71, and the highest selected rank was 4. For the exten-
sion channels, 58% of the selected channels had rank 1, the mean rank was 
1.75, and the highest rank considered in the results was 5. Channel selection 
results showed no significant differences over instructed fingers for flexion 
(p = 0.86) and extension (p = 0.44), or between flexion and extension (p 
= 0.85). The location of the selected electrodes for flexion and extension 
of the four fingers for all participants can be seen in figure 3.3. After this 
selection of extrinsic channels, further analysis was done on 16 EMG chan-
nels: 8 intrinsic (4 flexion, 4 extensions), and 8 extrinsic (4 flexion, 4 exten-
sion) channels. The extrinsic channels were named based on the finger 
activation they were associated with, namely: FDSindex, FDSmiddle, FDSring, 
FDSlittle, EDindex, EDmiddle, EDring, and EDlittle.
Statistics
Normality of the data was tested through the Shapiro-Wilk test. When 
the null-hypothesis of normality could not be rejected, a one-way ANOVA 
was performed. When ANOVA showed significance, post-hoc analysis was 
performed with a t-test using Bonferroni correction. In multiple cases, the 
Shapiro-Wilk test revealed that the data was not normally distributed. As 
a result, the independent samples Kruskal-Wallis test was used in order 
to determine whether there were differences between either muscle 
activations or finger forces. When the test revealed a significant differ-
ence, further post hoc analysis was done using a pairwise Kruskal-Wallis 
comparison with Bonferroni correction. The significance level was set at 
0.05 in all cases. 
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Results
Force enslaving
The Shapiro-Wilk test indicated that the force data was not normally 
distributed (p < 0.001). For each instructed finger, the Kruskal-Wallis test 
was used to determine if the forces of the different non-instructed fingers 
resulted from the same distribution. This test assumes that the forces of 
the different non-instructed fingers are independent. This assumption holds 
when considering that, while the forces of the instructed finger determines 
the enslaving, the force levels of the non-instructed fingers were small and 
therefore had no influence on each other [13]. 
The tests showed that the enslaving forces of the different non-instructed 
fingers were significantly different from one another (p < 0.001 for all 
instructed fingers). The post-hoc pairwise Kruskal-Wallis comparisons are 
documented in figure 3.4. The results of the post-hoc analysis of the forces 
of the non-instructed fingers when the index finger was instructed was 
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Figure 3.4. Force enslaving of the different non-instructed fingers. Negative values 
for enslaving indicate extension forces. The horizontal lines indicate significant differences in 
exerted force between the three non-instructed fingers (p < 0.05).
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distinct from that when the other fingers were instructed. Here, the adja-
cent middle finger was not different from the little finger (p = 1), while the 
ring finger was significantly different from both (p < 0.001 in both cases). 
With the middle finger as instructed finger, the adjacent fingers have a 
significantly higher level of enslaving than the little finger (p < 0.001 for 
both the index – little, and ring – little comparison), while there was no 
difference between the two adjacent fingers of that finger (p = 0.076). The 
same can be seen when the ring finger was the instructed finger: compar-
isons index – middle, and index – little finger both have a p-value < 0.001, 
while middle – little finger showed no significance (p = 1). In the case of the 
little finger as instructed finger, all pairwise combinations were significant 
(all p < 0.001).  
Figure 3.5. Muscle activations per instructed finger for the different muscles. 
Flexor muscles (agonist in the flexion task) are shown darker than the extensor muscles 
(antagonist in the task). A dashed line separates the investigated intrinsic and extrinsic muscles. 
Non-significant pairwise comparisons of muscles activation are indicated in the figure, as most 
comparisons were significantly different (p < 0.05). Pairwise comparisons were made within 
muscles with the same location (intrinsic – extrinsic), and function (agonist – antagonist).
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Muscle activation
Since RMS rectifies the almost normally distributed EMG signals, the esti-
mation of EMG amplitude through RMS leads obviously to not normally 
distributed data. The Shapiro-Wilk test confirmed this (p < 0.001). The acti-
vation of the intrinsic muscles was more distinctly corresponding to the 
instructed finger than the activation of the extrinsic muscles (figure 3.5). 
However, per instructed finger, the Kruskal-Wallis test showed significant 
differences in EMG amplitude between the investigated muscles for both 
intrinsic and extrinsic muscles (p < 0.001 in all cases). 
As most pairwise comparisons with Bonferroni correction were significant 
in the post-hoc analysis for the intrinsic muscles (figure 3.5), we focused on 
the non-significant couples. These included the muscles that are anatomi-
cally located on both sides of the active fingers: 1Do vs 2Do when the index 
finger was instructed (p = 1), 2Lum vs 3Lum and 2Do vs 3Do when the 
middle finger was instructed (p = 0.051, and p = 1 respectively), 3Lum vs 
4Lum and 3Do vs 4Do when the ring finger was instructed (p = 1 in both 
cases), and 4Lum vs ADM when the little finger was instructed (p = 1). These 
muscles were significantly more active than the muscles not anatomically 
located around the instructed finger, except for the single case of 2Lum vs 
4Lum when the middle finger was instructed (p = 0.57).
When considering the extrinsic muscles, separate patterns emerged for 
the agonistic and antagonistic muscle channels. When the middle and 
little finger were instructed, FDS channels associated with the instructed 
finger (FDSmiddle, and FDSlittle, respectively) were significantly higher than 
the others. This phenomenon did not reach significance when the ring 
finger was instructed, and even disappeared when the index finger was 
instructed. The EMG amplitudes of the ED channels did hardly differ when 
the different fingers were instructed, and the ED channels associated with 
the extension movement of the instructed finger were not highest when 
that same finger performed a flexion movement.
Looking at the differences in activation for one muscle when the different 
fingers are active allows us to investigate whether the force enslaving 
pattern is reflected in the activation of the muscles. The way in which EMG 
activity of the muscles was modulated for the different instructed fingers 
affirmed the distinction between intrinsic and extrinsic muscles. In all cases, 
Kruskal-Wallis analysis showed the presence of significant differences 
between the activation level when different fingers were instructed, which 
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Figure 3.6. Differences in activation of the muscles when different fingers were 
instructed. Flexor muscles (agonist in our flexion task) are shown darker than the extensor 
muscles (antagonist in the task). Non-significant pairwise comparisons of muscle activation 
between instructed fingers are indicated in the figure, as most comparisons were significantly 
different (p < 0.05).
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allowed for post-hoc analysis (figure 3.6). For the intrinsic muscles, most 
muscles were significantly more active when the fingers that are anatomical 
neighbours were instructed (figure 3.6, upper two rows). For example, 2Do 
is more active when the index and middle finger are instructed, and 4Do 
when the ring and little finger are activated. The exceptions to this case 
were 2Lum for the activation of the middle finger, 3Lum for the activation 
of both the middle and ring finger, and 3Do for the activation of the middle 
finger. The extrinsic muscles on the other hand, seemed to be modulated in 
response to finger pressing, regardless of the finger they were associated 
with (figure 3.6, lower two rows). In all but 1 case, the muscles were most 
active when the ring finger was instructed. The exception is the EDmiddle 
muscle. In three other cases, the ring finger movement did not lead to a 
significant muscle activity increase in specific post-hoc comparisons: for 
FDSindex (in index vs ring finger movement: p = 0.53), EDindex muscle (in ring 
vs little finger movement: p = 0.21), and EDring muscle (in ring vs little finger 
movement: p = 1).
Discussion
While there is an extensive literature on finger enslaving, this is to our 
knowledge the first report that investigated the simultaneous activity of 
both intrinsic and extrinsic hand muscles during single finger pressing. The 
main results are (1) a distinct neural drive to intrinsic and extrinsic muscles; 
(2) modulation of the agonistic and antagonistic intrinsic muscles based on 
the instructed finger; (3) a broad activation in the extrinsic muscles, with 
task-specific modulation for the agonistic extrinsic muscles.
The analysis of muscle activation in the intrinsic muscles showed a clear rela-
tionship between the EMG amplitude and the instructed finger (figure 3.5). 
The emergence of this pattern in agonistic muscles can be related to the task. 
The concurrent presence of this pattern in the antagonistic muscles is related 
to the stabilization of the fingers required during constant force production 
[22], [23], [28]. The fact that the intrinsic muscles were active during force 
exertion of both neighbouring fingers (figure 3.6) can be well explained by 
their anatomy. The lumbrical muscles originate from the distal tendons of 
the flexor digitorum profundus. The second lumbrical is unipennate, while the 
third and fourth are bipennate originating from the tendons corresponding 
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to the middle and ring, and ring and little finger respectively [29]. The dorsal 
interosseous muscles on the other hand are all bipennate [30]. 
Surface EMG allows that an electrode picks up information from muscles 
other than the intended muscle due to volume conduction [31]. In this 
study, bipolar derivation of the signals was used, reducing the amount of 
such cross-talk from unintended muscles [27]. The size of the targeted 
intrinsic muscles, together with the fact that they are located superfi-
cially, decreases the likelihood of cross-talk [27]. However, if cross-talk was 
present, it would mean that the level of individuation of the intrinsic fingers 
is even higher than reported here. 
The activation patterns of the extrinsic muscles were distinct from those 
of the intrinsic muscles (figure 3.5). The agonistic muscle pattern followed 
that of a previous surface EMG study where the EMG amplitude of the 
electrode associated with a certain movement was generally higher than 
that of the electrodes associated with the non-instructed fingers [16]. 
However, in both that study and the present one this was not always signif-
icant, which suggests that there is an overall activation in the extrinsic 
agonistic muscles that is not associated with fine finger movements. This 
overall activation might well be due to the necessity to stabilize the wrist 
through muscle activation [32], [33] as there was no wrist splint used in this 
study, contrary to most enslaving studies [7], [9], [11].  Recent work by May 
and Keir (2018) shows that activity of the anatomically determined FDSindex 
compartment was not the highest when the index finger was active while 
the wrist was splinted in their experiment. This suggests that the extrinsic 
agonistic muscle pattern found in this paper is not fully method-depen-
dent. The antagonistic muscle pattern of our study did not follow the previ-
ously published surface EMG study [16]. There, the electrode associated 
with the instructed finger was less active than the ED regions associated 
with the non-instructed fingers. While the reduction in activation of the 
antagonistic muscle was necessary to perform the free finger flexion move-
ment in the study of Van Beek et al. (2016), an activation of antagonistic 
muscle activity was necessary in this study in order to stabilize the wrist 
and fingers during the force pressing task. Previous studies showed that 
extrinsic muscles are the main source of force in single finger tasks, with up 
to 80% of force resulting from extrinsic muscles when the force is applied 
at the distal phalanx [19], [25]. The discrepancy in the results of extrinsic 
muscle patterns in the literature highlights the need to thoroughly consider 
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the experimental setup when studying finger enslaving and neural control 
of fine hand movements. Setups where the wrist is splinted are not capable 
of mimicking single finger forces and EMG patterns, as freely performed 
finger movements naturally occurring require a concurrent control of the 
wrist. The plane in which the fingers operate also varies between studies, 
with an almost even split between studies where the fingers produce 
motions in a horizontal [7], [16], [34], or vertical plane [9], [11], [15], [35], 
[36]. Positioning fingers to act in a horizontal plane eliminates gravitational 
effects when studying flexion and extension of the fingers, although these 
effects might also be negligible in the vertical plane when compared to the 
force levels present in enslaving studies (commonly between 20% MVC and 
100% MVC).
Previous research has shown that cross-talk in the forearm is less for 
muscles associated with finger than with wrist movement [37], and that 
inter-electrode distances of 2cm reduce cross-talk to 10-20% of the orig-
inal signal [27], [38]. The channel selection algorithm resulted in a mean 
distance of 2.58 ± 1.03 cm for flexor electrodes and 2.80 ± 1.13 cm for 
the extension electrodes. These results, together with the fact that the 
muscles had a similar pattern for the fingers that were located nearby, and 
those farther away, suggest that the activation pattern of the extrinsic 
muscles is mainly determined by the targeted muscle bellies of FDS and ED.
The force enslaving results (figure 3.4) confirmed the results of other 
studies in which the fingers adjacent to the instructed finger showed the 
highest level of enslaving [7], [8], [11], [13]–[15]. The values found for the 
enslaving were in the same order of these found by Sanei and Keir (2013), 
while they were lower than in the study of Slobounov et al. (2002). This 
discrepancy might be explained by the task execution. The fingers of the 
participants in the current experiment were fixed to the force sensors and, 
therefore, restricted in both flexion and extension movements, while the 
fingers of the participants in the study of Slobounov et al. (2002) rested 
on top of force sensors without any extension restrictions. As a result, it is 
noteworthy that all non-instructed fingers also exhibited extension forces 
during some trials of the experiment, which only consisted of flexion forces 
for the instructed fingers (figure 3.4). Overall, fingers adjacent to the 
instructed finger exhibited flexion enslaving forces. However, non-neigh-
bouring fingers  commonly showed extension forces, possibly due to the 
rotational forces on the wrist [35], [36]. Extension forces were also found 
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in the study of Sanei and Keir (2013), although to a lower extent as they 
fixed the wrist during the experiment. Experiments where the fingers are 
only restricted in flexion direction would not be able to pick up on these 
rotational forces. The many different enslaving results throughout these 
studies show that enslaving is dependent on the exact task and the exper-
imental constraints.
The force enslaving pattern was visible in the intrinsic muscles (figure 3.6). 
The lumbrical muscles also show some activation when they do not insert on 
the instructed finger. However, this activation is not necessarily the cause 
of enslaving forces, as the lumbrical muscles also control the extension of 
PIP and DIP joints, and therefore play a role in the stabilization of the finger 
[21], [22]. The same pattern resembling enslaving was not reflected in the 
EMG amplitude pattern of the extrinsic agonistic muscles. For example: 
we expected to see that FDSindex would be most active during index flexion 
presses, followed by the task for which it is adjacent, middle finger pressing. 
However, as can be seen in figure 3.6, FDSindex is most active during ring 
finger flexion, and has similar activation for both index and middle finger 
flexion. This pattern, where FDS activation is highest for ring finger flexion, 
can be seen in all muscles. The selection criteria of extrinsic EMG channels, 
where the channel selected did not necessarily have the highest activa-
tion, but was highly correlated to the force pattern, might have influenced 
this result. However, figure 3.5 shows that there is a finger-specific modu-
lation in the extrinsic flexor muscles, and that the ring finger requires an 
overall higher activation. This indicates that the electrodes were selected 
correctly, but that the overall level of activation of all extrinsic muscles 
depends on which finger is active. This might suggest that force enslaving 
is a result of the inability of the intrinsic muscles to counteract the broad 
activation in the extrinsic muscles. 
The method selecting the extrinsic channels representative for specific 
movements was adapted from Van Beek et al. (2016). By selecting chan-
nels for both flexion and extension that correlated most with the respec-
tive finger force presses, this method allowed to take the complex and 
individuated anatomy of the FDS and the ED into account. While muscles 
selected for some finger force tasks – such as the flexion of the little 
finger, and extension of index, middle, and little finger – are located simi-
larly over different participants, others are distributed over different areas 
(figure 3.3). This is in accordance with the previous study of Van Beek et 
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al. (2016). The location of the flexor electrodes generally matched that 
found in previous studies [16], [39], [40], while the channels selected for 
the extensor forces did not follow previously found placement [16], [41]. 
This difference may be due to a difference in the intensity of the tasks 
studied as both other studies employed finger movement at a low intensity 
(either tapping on a table or extension movements), while the channels for 
this study were selected on the basis of 100%MVC extension force tasks. 
However, they mainly highlight the individual nature of forearm muscula-
ture [16], [42]. These results suggest that caution should be applied when 
determining extrinsic muscle bellies by anatomical landmarks and palpa-
tion. Rather, using a higher number of electrodes, in the form of grids, to 
later determine the best candidates is warranted.
Conclusion
In conclusion, the present study shows distinct muscle patterns in intrinsic 
and extrinsic hand muscles during single finger isometric force pressing. 
While intrinsic muscles exhibit individuation, extrinsic muscles reveal a 
broad activation, largely independent of which finger was instructed to 
press, with some finger-dependent modulation on top. Stabilisation of the 
finger and wrist joints appears to determine the co-activation of agonistic 
and antagonistic muscles in both intrinsic and extrinsic muscles. The broad 
activation in extrinsic agonistic muscles, presumed to stabilize the wrist, 
was also found in the extrinsic antagonistic muscles, while the task-depen-
dent modulation was only visible in the agonistic muscles. The task-specific 
intrinsic muscles showed clear modulation based on the instructed finger, 
where the patterns in agonistic and antagonistic muscles are similar, seem-
ingly in order to reach finger joint stabilisation. Our results indicate that the 
finger specific activation of intrinsic muscles is not sufficient to fully coun-
teract finger force enslaving caused by a broad activation of the extrinsic 
muscles.
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Abstract
A hand impairment can have a profound impact on the quality of life. This has motivated 
the development of dexterous prosthetic and orthotic devices. However, their control 
with neuromuscular interfacing remains challenging. Moreover, existing myocontrol inter-
faces typically require an extensive calibration. We propose a minimally supervised, online 
myocontrol system for proportional and simultaneous finger force estimation based on ridge 
regression using only individual finger tasks for training. We compare the performance of 
this system when using two feature sets extracted from high-density EMG recordings: EMG 
linear envelope (ENV) and non-linear EMG to Muscle Activation mapping (ACT). Eight intact-
limb participants were tested using online target reaching tasks. On average, the subjects 
hit 85 ± 9% and 91 ± 11% of single finger targets with ENV and ACT features, respectively. The 
hit rate for combined finger targets decreased to 29 ± 16% (ENV) and 53 ± 23% (ACT). The 
non-linear transformation (ACT) therefore improved the performance, leading to higher 
completion rate and more stable control, especially for the non-trained movement classes 
(better generalization). These results demonstrate the feasibility of proportional multiple 
finger control by regression on non-linear EMG features with a minimal training set of single 
finger tasks.
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Introduction
Myoelectric control commonly relies on decoding human motor intent from 
non-invasive electromyographic signals (EMG) and on mapping EMG into 
control outputs, allowing for the establishment of intuitive human-ma-
chine interfaces. This control strategy has been applied for multi-functional 
prostheses and robotic exoskeletons [1]–[4]. With the rapid development of 
robotic technology, control strategies based on simultaneous and propor-
tional control of multiple degrees of freedom (DoFs) have been proposed 
to mimic natural control. However, the robustness and accuracy of these 
controllers decrease with an increase in the number of controllable DoFs 
[2]. This problem is critical for hand function restoration (exoskeletons or 
prostheses) because of the large number of DoFs [5]. 
Human fingers can move dexterously and with precision in numerous ways 
allowing for the simultaneous activation of multiple DoFs, with different 
amounts of forces exerted by each finger [6]. During the past two decades, 
there have been attempts to enable similar articulated control of robotic 
hand devices [7], [8]. 
Both pattern recognition and regression based algorithms have been previ-
ously used for establishing online control of finger movements [9]–[15]. 
Khusaba et al. [12] succeeded in discriminating 10 individual and combined 
motion classes of finger movements, with an online classification accuracy 
of ~90%. The first session, where participants had no previous training in 
online control, resulted in an accuracy of ~85%. They used a Support Vector 
Machine (SVM) classifier with non-overlapping Time Domain (TD) features 
selected using a Linear Discriminant Analysis. 
The major limitation of classification methods is the lack of proportional 
activation of the recognized classes. An error in classification will compro-
mise the entire gesture due to the on/off nature of classification algorithms, 
leading to a frustrating situation for the user. While traditional pattern 
recognition methods do not include proportional control, it is possible to 
extend the control algorithm with a proportional regression of the esti-
mated forces after the class is determined [15]. 
Regression methods intrinsically allow for the simultaneous and propor-
tional estimation of different DoFs. This allows the regressor to be trained 
on a limited data set, after which it can generalize to movements outside 
the training set [16]. This could dramatically reduce the time needed for 
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training the system, which is particularly important in rehabilitation appli-
cations, where a shorter time for the setup phase results in more time for 
the rehabilitation exercises. 
Krasoulis et al. [17] demonstrated that non-linear regressors outperformed 
the linear ones when estimating movements seen by the decoder during the 
training task. However, when generalizing to novel movements, the perfor-
mance of the two regressor types was comparable. Similarly, Hahne et al. [18] 
investigated the influence of limiting the types of trajectories in a training 
set for proportional and simultaneous wrist control. They found that the 
amount of samples is more important to the performance than the type of 
movements included, and that even the training on single DoFs was able to 
estimate combined DoFs movements accurately. However, it was also shown 
in the context of finger control [19] that the accuracy of single finger esti-
mation diminishes by including combined finger forces in the training set. It 
is important to note that all these studies were performed offline, and it is 
therefore still unknown if these differences in performance would hold when 
the task is performed online. Nowak and Castellini [20] illustrated that the 
estimation of finger grips outside of the training set is possible, in both an 
offline and online setting, when the training data for those movements was 
generated artificially by linearly combining the data of the existing classes, 
a procedure named linearly enhanced training (LET).
The most common features for regression approaches are based on EMG 
amplitude [21]. However, classical estimators of EMG amplitude (e.g. Mean 
Absolute Value (MAV), Root Mean Square (RMS), linear envelope (ENV)) 
suffer from high variability and strongly depend on the selected time 
window [21]. Recently, non-linear biological-inspired descriptors of EMG 
amplitude have been shown to outperform the classical linear estimators 
[22]–[25]. For instance, the so-called EMG-to-Muscle Activation (ACT) 
is a model-driven feature that has been successfully used in EMG-based 
joint kinematics reconstruction [26]. It was shown that the ACT was able to 
deliver better results when estimating simultaneous finger kinematics than 
the classic TD features (MAV, Waveform Length, Willison Amplitude and 
Variance) [27]. However, this has been evaluated only in an offline analysis 
with targeted electrode placement while using a combined motion capture 
and EMG data set for supervised training of the regressors.
Here, we present and test a minimally supervised online myoelectric control 
system for proportional and simultaneous finger force estimation. This was 
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achieved using a reduced EMG training set suited for clinical translation, 
consisting of only one repetition of each individual finger flexion press and 
one press with all 5 fingers. To resemble a clinical environment, no force 
data was recorded and performance was evaluated with a target hitting 
task. Relying on a regularized linear ridge regressor driven by the ACT or 
ENV features, subjects were asked to control a 5 DoF computer game. The 
developed method was tested through a set of dexterous tasks including 
both individual and multi-digit control. To the best of the authors’ knowl-
edge, no other myoelectric control scheme demonstrated the feasibility of 
the online simultaneous and proportional control of finger flexions trained 
on such a small data set.
Methods
In order to provide subjects with EMG driven simultaneous and proportional 
finger control, two ridge regressors were trained for each participant. Each 
regressor was tested in a separate session, using either ENV or ACT as 
the input feature. Following the system training, subjects were asked to 
complete a set of target reaching tasks in order to test and compare the 
proposed systems in an online scenario. 
Subjects
Eight able-bodied, right-handed subjects (age: 21 - 48 years, two females, 
six males) participated in the study. None of the subjects reported any 
history of neurological disorders. Each participant read and signed the 
written informed consent. The study was approved by the research ethics 
committee of the University Medical Center Göttingen (Nr: 32/2/16), and 
conformed to the Declaration of Helsinki.
Experimental setup
The participants sat in a comfortable position with the fingers of their right 
hand placed on the table so that the elbow was flexed at approximately 
120°. A 26” LCD screen placed in front of the subject displayed the visual 
cues. High-Density monopolar surface EMG signals were recorded using 
three semi-disposable, pre-gelled 8x8 electrode grids (ELSCH064NM3, 
OT Bioelettronica, 10 mm inter-electrode-distance) for a total of 192 
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Figure 4.1. System overview. (A) The feedback that the subjects received during the 
target-hitting task. Both the target window (transparent blue) and the resting threshold 
(red line) are projected onto the force bars. The height of the EMG controlled bars is 
determined by the regressor output. The bars were shown in grey, and they turned green 
when the subject reached the target window while keeping the non-instructed fingers below 
the resting threshold. (B) The electrode placement, targeting the major forearm muscles 
involved in finger flexion. (C) Diagram depicting the data processing for the two regressors 
i.e. right for ENV and left for ACT regression.
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electrodes. The electrode grids were placed around the forearm starting at 
20% of the forearm length distally to the elbow crease, covering 8 cm longitu-
dinally and 24 cm circumferentially (figure 4.1). The edge of the first grid was 
placed above the ulnar bone and the other two electrodes followed medially 
from the top. This configuration allowed the acquisition of EMG activity of all 
the major forearm muscles involved in finger movements. The signals were 
recorded using the EMG-USB2 OT Bioelettronica amplifier with gain set to 
subject-specific values of 500 or 1000, band-pass filtered at 3Hz-900Hz and 
sampled at 2048H with a resolution of 2.44μV per least significant bit (12-bit 
A/D conversion). A reference electrode band was strapped around the wrist 
bone and the skin was cleansed with alcohol pads prior to electrode place-
ment. The whole setup phase took approximately 15 min.
Training session
The experiment consisted of a training, and a testing session. In the former, 
subjects were instructed to perform a set of finger presses to collect the 
data for the training of the ENV- and ACT-based regressors. The latter 
session comprised a series of target reaching tasks that subjects completed 
online using the regressors.
In the training session, the subjects were prompted to perform one repeti-
tion of the single finger presses, and one repetition of the five-finger press 
using a comfortable contraction level. Each press was preceded by a 3-s 
preparation phase during which the finger to be activated was indicated to 
the subject using visual feedback (figure 4.1). After a 1s pause, the cuing bar 
started moving from zero to the middle of the screen (50% activation level), 
reaching that level after 2.5 s. The 50% activation level had to be maintained 
for 4.5 s, after which the bars returned to zero in 2.5 s. The participant was 
instructed to follow the cuing bar thereby replicating the trapezoidal force 
profile by flexing the given finger against the table. This training scheme does 
not require force feedback and is therefore clinically applicable. The corre-
sponding regression is minimally supervised since there is no force labelling.
Control framework
The online controller was designed by regressing recorded EMG features 
during finger flexion presses executed following the trapezoidal force cues. 
Since there was no force measurement, the EMG features were mapped 
onto the force cues.
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Linear regression provides a linear mapping W ∊ RD₁xD₂ between the D1 - 
dimensional space of input EMG feature values and the D2-dimensional 
target space of finger force cues:
Y = WTX         (4.1)  
     
where  is a matrix of feature values 
at N time instances and  contains the 
target cues. In this experiment, to account for all sensors, D1= 192, and 
D2= 5, to match all the digits. Since the labels were the cues in only one trial of 
each targeted motion, the model was constrained to avoid overfitting. There-
fore, we used linear regression with regularization (i.e. ridge regression):
  
    
W=(XXT+λI)-1 XYT  (4.2)
where λ is regularization parameter and  is the identity matrix. 
Computationally heavy calculation of the pseudo inverse (XXT+λI)-1 X is only 
required while establishing the regressor. Once the mapping W  is obtained, 
the control outputs (finger force estimates Y) are computed online by a 
simple matrix multiplication of WT and the newly acquired feature matrix 
X, as given in (4.1).
Two regressors were trained using ENV and ACT as input features (figure 
4.1). Both features were calculated over 200ms windows of EMG with 50% 
overlap. 
The ENVs were extracted by full-wave rectifying, and low-pass filtering 
(eight-order zero-lag Butterworth digital filter, cut-off frequency 2 Hz) of 
the EMGs. The ACT takes into account additional physiological processes 
related to muscle activation (see figure 4.1 for an overview of the processing 
steps for both regressors). First, the dynamics of neural activation u (t) was 
modelled as [26]:
 (4.3)
here e(t) is the linear envelope (as computed for ENV), d is the electro- 
mechanical delay (EMD) and the parameters a, β1 and β2 are the coefficients 
that define the second-order dynamic. In order for the given recursive filter 
to be stable, the parameters should satisfy the following conditions:
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β1= γ₁ + γ₂         (4.4)
 
β2= γ₁ * γ₂  (4.5)
where |γ₁ |<1, |γ₂ |<1 and α - β₁ - β₂ = 0.
To minimize the time of the optimization procedure, the parameters γ1 and 
γ2 were both fixed to -0.8 based on the value previously reported in the 
literature [28]. The EMD was set to zero seconds (d = 0) as no forces were 
recorded. 
The non-linearity between the neural u(t) and muscle a(t) activation was 
modeled using the following equation [26]:
   (4.6)
where A is the non-linear shaping factor ranging from -3 (highly non-linear) 
to 0 (completely linear) [25], [29]. 
The regularization parameters λ (for both regressors) and the non-linear 
parameter A (for the ACT-based regressor only) were determined by split-
ting the collected data into a training set (containing 2/3 of the acquired 
data), and a test set. The values resulting in the best fit of the test data 
were retained. In the final step, the regressors were trained with estimated 
A and λ using all collected data. 
Testing session
Before the start of the testing session, the subjects briefly practiced the 
online control. The experimenter adjusted the baseline and scaling of the 
regressor outputs (estimated forces) to ensure that the subjects could 
effortlessly reach an activation level of 100%, i.e. filling the bars on the 
screen entirely, with each finger. 
In the testing session, each subject performed 20 trials using single fingers 
(5 trials – with thumb, index, middle, ring, and little finger indicated by 1, 2, 
3, 4, and 5 respectively), 2-finger combinations (6 trials - 12, 13, 14, 23, 25, 
34), 3-finger combination (3 trials – 123, 234, 345), or all fingers together 
(1 trial - 12345). The target activation was 50% for the low force targets 
(15 trials), and the single finger tasks were also repeated once with 90% 
activation (high force targets; 5 trials). The tasks were performed using 
ENV- and ACT-based regressors and the order of the regressors was 
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randomized. The trial was successfully completed when the instructed 
finger(s) remained within a target window between the target level of 
activation and 20% less for 0.5 s (dwell time), while all the non-instructed 
fingers were activated below the resting threshold (50% of target acti-
vation). Visual feedback of the estimated forces was updated at a rate of 
10Hz. If they were not able to reach the target within 15 s, the subjects were 
timed out and they proceeded to the next task.
Data analysis
The online performance was quantified using the following outcome 
measures: 
1.  Completion rate: the percentage of targets the subject was able to hit 
before the timeout.
2.  Completion time: the amount of time needed for successfully completing 
the task.
3.  Number of dwellings: the number of times the subject reached the 
target, but was unable to remain within the target window for the 
required dwell time of 0.5 s.
 
A 2x2 repeated measures factorial design was adopted for the online 
session ([single vs. combined fingers] x [ACT vs. ENV feature]). A 2-way 
ANOVA test was conducted separately for each of the three performance 
measures, after determining the normality of the data using the Lillifors 
test. The level of significance was set to p < 0.05 for the main tests, and the 
post-hoc comparisons were corrected using the Benjamini and Hochberg 
method and the Bonferroni method for the non-parametric and the para-
metric tests, respectively. 
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Results
Figure 4.2 shows summary results (mean ± standard error) grouped by the 
type of task (single finger vs combination), and type of feature (ACT vs. ENV).
For the completion rate, there was a significant interaction between the 
type of feature [ACT vs. ENV] and the type of task [single finger vs. combi-
nation] (F(1,7)=11.065, p=0.013, η2=0.813). For both features, the completion 
rate was significantly higher (p < 0.01) in the single finger tasks compared 
to the combined finger tasks. The subjects achieved high completion rates 
during single finger tasks (91 ± 11% and 85 ± 9% for ACT and ENV, respec-
tively), and the rates dropped to 53 ± 23% (ACT) and 29 ± 16% (ENV) during 
combination tasks. In the finger combination tasks, the difference in perfor-
mance between ACT and ENV as statistically significant (F(1,7)=10.573, 
p=0.014, η2=0.796). 
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Figure 4.2. Overall performance (mean ± standard error) of the two regressors 
averaged over subjects. Both low and high force targets are included in the data for 
single fingers. (*, p<0.05; **, p<0.01).
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The analysis of the completion time only showed a main effect of the type 
of task (F(1,7)=27.354, p=0.014, η2=0.793), demonstrating that the partici-
pants were faster in accomplishing the single finger tasks compared to the 
finger combination tasks, irrespective of the feature type. Interestingly, the 
main effect of the feature type was statistically significant (F(1,7)=20.124, 
p=0.003, η2=0.968) for the number of dwellings. The number of dwellings 
was substantially higher for the ENV (3.19±1.44 dwellings) compared to the 
ACT (1.50±0.37 dwellings). The control was therefore more stable when 
using the ACT-based regression. 
Figures 4.3 and 4.4 (on page 88 and 89) report the summary results (mean 
± standard error) of the individual single (figure 4.3) and combined (figure 
4.4) finger presses. The results for the single finger presses are grouped by 
the level of target activation (low and high force targets). Interestingly, the 
online control performance with ACT was good for the high force targets 
(91%), despite the fact that this level has not been used for the training, 
compared with similar performance for low force targets (93%). Hit rate for 
the ENV decreased from 91% for low force targets to 80% for high force 
targets. The analysis of completion times and number of dwellings showed 
that the high force trials lasted longer, and included a higher number of 
dwellings than those at low force.
The results for the combination trials show that the task difficulty increased 
with the number of fingers included in the task (figure 4.4). Completion 
rates of the ENV-based regressor dropped from 40% for 2-finger to 18% 
for 3-finger combinations. None of the participants were able to hit the 
5-finger trial when the control was based on the ENV. ACT-based control 
performed better for all the finger combinations, with completion rates of 
67%, 33%, and 25% for 2-finger, 3-finger, and 5-finger combinations respec-
tively. Completion time was similar for all combination targets, irrespective 
of the number of fingers included. There was an increase in the number of 
dwellings for more fingers, especially in the ENV-based control.
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Figure 4.3. Averaged performance (mean ± standard error) for all single finger 
tasks. The dashed line separates the results for the low and high force targets.
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Figure 4.4. Average performance (mean ± standard error) for all combined finger 
tasks.
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Discussion
In this study, we showed that a limited training set, suited for clinical appli-
cations, allows for generalization outside of the trained finger presses. 
Proportional and simultaneous control was implemented using ridge 
regression. Importantly, the study has demonstrated that introducing a 
non-linear transformation of the linear envelope in the regression pipe-
line significantly improved the online control performance. The ACT based 
regression resulted in more stable control in all the tasks, and also improved 
the completion rate for the finger combination presses, therefore leading 
to more successful generalization (since the training set did not include the 
combinations).
Previous offline studies have shown that linear and non-linear decoders 
perform similarly when predicting movements not present in the training 
set [17], [18]. Our results show that the non-linear ACT feature outper-
formed the regression based on the linear ENV feature when tested on 
combinations. Contrary to completion rate, there was no significant differ-
ence in the completion time between the two features. Therefore, when 
the participants were able to hit the targets, they needed similar amount of 
time for both linear and non-linear features. The higher number of dwell-
ings when using ENV demonstrates that even when the participants reached 
the target they were not able to stay within the target zone. Therefore, the 
myoelectric control was not stable with the ENV. This result might have been 
due to a difference in the power spectral density of the two control signals. 
If one of the two had a higher frequency, participants would observe a 
jitter in their feedback, making it more difficult to remain within the target. 
However, comparison of the power spectral density for both feature types 
showed that there was no significant difference in mean power spectral 
density (t(7)=2.0, p=0.08). To analyse the difference between the bandwidth 
of the two regressors, the PSD of the control signals obtained in each trial 
were extracted using the Welch’s method and averaged over each subject 
and type of regressor. The lack of stable control might be due to the limited 
exposure to the online controller, as participants only performed 20 trials 
based on each feature. However, this was common to both ACT and ENV, 
and still the control with ACT was significantly more stable. Future research 
should investigate if using the controller over a longer period of time leads 
to a more stable control.
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Interestingly, there was no significant difference in the completion rate for 
the single finger trials based on the feature type. Krasoulis et al. [17] previ-
ously showed a superior performance in predicting trained finger move-
ments for the non-linear kernel ridge regression over the linear ridge 
regression during offline analysis. Online control during our study might have 
given the participants an opportunity to reduce the errors computed by 
the regressor. In addition, both features led to a good proportional control. 
During the training trials, participants were asked to execute comfortable 
presses against the table, approximating half of their maximal force. The 
completion rates were similar when reaching targets at almost double the 
trained force, but dwelling results indicated that the control at that level was 
more challenging, especially with the regressor based on the ENV. 
Caution always needs to be applied when interpreting the performance of 
different control algorithms. For example, the number of parameters that 
are fitted to the training data can influence the accuracy of the controller 
[30]. In this study, two parameters (the non-linear shaping factor A, and 
the regularization parameter λ) were fitted for the regressor based on the 
ACT feature, whereas only the regularization parameter was estimated for 
ENV. The better control of the ACT-based regressor might therefore be a 
result of fitting more parameters to the data, and not due to the fact that 
the regressor used a non-linear feature. Including more fitted parameters 
increases the risk of overfitting to the data, especially when the amount of 
training data is limited [30]. This would limit the ability of the regressor to 
generalize to untrained finger combinations and forces. We chose to not fit 
all possible parameters in the EMG-to-muscle activation feature in order to 
avoid overfitting, and therefore the parameters characterizing the second 
order dynamics were fixed and taken from the literature [28]. The results 
demonstrated that with this strategy we did not overfit the non-linear 
regressor, as its performance on the non-trained presses outperformed 
the linear regressor, whereas there was no difference in the trained presses.
This study was a proof-of-concept, aimed at testing the feasibility of 
predicting untrained combinations of finger movements based on a minimal 
amount of training data. The main drawback of the study is the limited 
amount of testing data, as all participants performed every type of press 
only once. The fact that the subjects were able to hit the targets without 
any training, even when being naïve to myoelectric finger control, highlights 
the feasibility of the control. However, it would be interesting to study the 
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learning aspects of the control over time. A second limitation is that only 
able-bodied participants were included in the study. To our knowledge, only 
Sebelius et al. [13] have shown finger control in amputee patients based on 
a regression algorithm. However, they did not investigate if they were able 
to predict untrained movements. Therefore, it would also be interesting to 
perform this experiment with amputee patients. 
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Abstract
Myoelectric prosthetic control aims to decode motor intentions through the interpretation 
of muscle patterns, thereby restoring previously lost function. State-of-the-art prosthetic 
hands allow for the separate control of digits. However, traditional control strategies are 
unable to provide the necessary control for these prostheses as they activate the different 
degrees of freedom (DoFs) separately and sequentially. In this paper, we propose the use of 
linear regression to predict finger forces, allowing for simultaneous and proportional control 
of DoFs, even when trained on individual DoFs separately. The experiment was conducted 
online, allowing participants to update their internal model of the task through continuous 
feedback. Twelve able-bodied subjects were instructed to hit target forces consisting of 
single and combined finger presses, either based on force or electromyography (EMG) 
control. The results demonstrated that participants were able to hit both single finger, and 
combination targets using EMG control, with respective hit rates of 88% and 54%. These hit 
rates were significantly larger with respect to offline performance. Additional analysis of the 
EMG patterns showed that myoelectric control implies new motor strategies (even if trained 
on natural muscle activations), as muscle activations differed significantly between force and 
EMG control trials (p < 0.001). These findings suggest that the ability of the user to learn 
EMG-to-control mappings in finger control has a greater impact on performance than the 
offline accuracy of the myoelectric controller. 
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Introduction
Human-machine interfacing allows interaction between humans and 
machines that is based on the detection of user’s intent [1]–[3]. These inter-
faces can be applied to enhance impaired function [4], aid rehabilitation 
[5], or restore lost function [6], [7]. With 27 degrees of freedom (DoFs) 
in the hand, the restoration of the lost hand function is one of the most 
challenging tasks. For this purpose, dexterous hand prostheses have been 
recently introduced into the market to allow for mimicking natural hand 
movements [8]–[10]. In order to control them, attempts have been made 
to estimate user intention by assessing the neural information at different 
levels of the nervous system, ranging from the brain [11]–[13], to peripheral 
nerves [14], [15], and muscles [16]–[20]. However, currently muscle inter-
facing is still recognized as the only clinically viable solution [2], [21]. An 
ultimate goal when controlling a dexterous hand prosthesis is to be able to 
command the fingers individually, mimicking the capabilities of able-bodied 
humans controlling their hands. 
Myoelectric control can be achieved through different control strategies. 
Direct control via two myoelectric channels has been applied since the 
1950s [22], and is still present in most commercially available upper limb 
prostheses [20], [23]. While this type of control is cognitively demanding 
and cumbersome, and only allows for the control of one DoF at a time, it 
is very common because of its high robustness [23]. However, it is not a 
feasible control strategy for finger control due to its inherent inability of 
simultaneously controlling multiple DoFs. 
Pattern recognition methods allow for a more articulated control by trans-
lating distinguishable EMG patterns into specific prosthesis motions. It 
relies on the assumption that the movements are generated by repeatable 
patterns of muscle activations on which the controller is trained [24]. These 
algorithms can recognize many classes with high accuracy during labora-
tory tests [25]. While classes can include the activation of different DoFs 
simultaneously, these concurrent motions still have to be trained separately 
as unique classes [26], leading to long training sessions [27]. Additionally, 
proportional control is not inherently included in traditional pattern recog-
nition control [28], and certain modifications have to be introduced in order 
to achieve it [29].
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Regression strategies have been proposed to address some of the short-
comings of pattern recognition control. Regression allows for the different 
DoFs to be trained individually, after which these can be predicted simulta-
neously and proportionally during the control of the prostheses [16], [28], 
[30]. This is especially suited for myoelectric finger control, where there 
are many DoFs to be trained and therefore training all the combinations is 
not feasible. However, this theoretical advantage still needs practical vali-
dation, as most studies investigating regression control of fingers use the 
same movement types for both training and testing of the algorithm [27], 
[31]–[39]. 
Myoelectric control of fingers maps the recorded EMG data onto either 
finger forces [27], [31], [36], [38], [40], or kinematics [32], [33], [35], [37], 
[39], [41], [42]. Offline studies have shown that it is possible to predict single 
or combined finger movements when these are also part of the training set. 
Nowak and Castellini (2016) demonstrated that non-trained finger combi-
nations can be predicted if artificial data of that combination, based on a 
linear combination of the single DoFs present in the training, is provided 
[43].  However, it was also shown that tested single finger results were 
better when the myoelectric controller was trained only on single finger 
data instead of incorporating combined finger trials in the training set [38]. 
Only a limited number of finger regression studies included online myoelec-
tric control [27], [31], [41], [43], even though it has been shown that online 
tests are more relevant than offline validation [19], [44], [45]. Those who 
included online control showed that it is possible to estimate single, and 
combined finger movements [27], [31], [41], [43], even when the mapping 
from EMG to movements is non-intuitive. However, in [27] only single finger 
movements were controlled using classification, and in [31], [41], and [43], 
a limited set of finger combinations (predefined hand postures) have been 
trained and tested. 
Even with these advanced control strategies, and in a controlled labora-
tory environment, prosthetic control is still challenging for the users. This 
may be due to the fact that myoelectric control is not fully intuitive for the 
user [28], even when trained on the user’s own muscle patterns. Hence, the 
resulting cognitive effort required to control the prosthesis might even-
tually lead to its abandonment [46], [47]. While the initial cognitive effort 
of myoelectric control might be high, it diminishes over time, as it has 
been shown that myoelectric control undergoes a learning process [48]–
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[52]. Importantly, there are two types of learning that are interacting in 
this process. In the first stage, a myoelectric controller learns the natural 
mapping between generated EMG and the resulting forces. This type of 
learning is dependent on the chosen preprocessing, feature extraction, 
and control algorithm, and can be tested in an offline setting. The second 
type of learning involves the participant, and requires online control [53]. 
In this stage, the user builds an internal model of the myoelectric controller 
by comparing the expected task outcome to the received feedback of the 
estimated forces [48]. This allows tuning of the motor control strategy to 
improve performance. This learning, hereafter called the model learning, 
can be investigated by comparing the results of the offline and online 
control, and by analyzing the changes in muscle activation.
The aims of this study were (1) to test if myoelectric control of combined 
finger forces is possible when estimating the forces using a linear regressor 
trained with only single finger data; and (2) to investigate how the neural 
control in myoelectric interfacing relates to the neural control during 
natural finger pressing movements in order to assess muscle activation 
changes related to model learning. To achieve these aims, participants were 
prompted to complete a series of tasks while provided with real-time feed-
back based on either recorded finger forces or linearly regressed myoelec-
tric force estimations. The neural drive to the forearm muscles, observed 
by high-density (HD) EMG, during single and combined finger activations 
was compared between natural presses and myoelectric control.
Methods
Subjects
Twelve able-bodied volunteers were included in the study (age 26.5 ± 2.4 
years, 6 males and 6 females). All participants were naïve to the experiment, 
and had no previous experience with myoelectric control of finger move-
ments. The study was approved by the Imperial College London Research 
Ethics Committee, and informed consent was obtained from all participants 
before the start of the experiment. The experiment lasted approximately 
1.5 hours.
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Experimental setup
The participants were seated in front of a 26-inch screen with their index, 
middle, ring, and little finger resting on top of 4 force sensors (Micro Load 
Cell CZL635, Phidgets Inc, Calgary, Canada). The location of the force 
sensors was adjusted according to the length and width of the individual 
fingers for each participant (figure 5.1C). 
The forces were sampled and transmitted at a rate of 10 Hz to a host PC. 
Custom software was developed using Matlab 2016b (The Math Works Inc., 
Massachusetts, United States) which presented the visual feedback to the 
participants in real time.
A
D
B
E
C
Figure 5.1. Experimental setup. (A) Placement of HD-EMG grid on extensor, and (B) flexor 
muscles of the lower arm. (C) Custom made force sensing device that allowed for participant 
specific alignment based on the length and width of the fingers. (D) Feedback provided to the 
participants during the training session. Participants were instructed to follow the cue (grey) 
as accurately as possible, while receiving real-time force feedback for all 4 fingers (green). (E) 
Feedback received by the participants during the online session. During the whole trial, the 
resting threshold for all non-instructed fingers (red line), and the target area for the instructed 
fingers (blue) were displayed. The force bars (green) were updated in real time based on either 
the force measurements (force control trials) or estimated forces (EMG control trials).
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Two high-density 8x8 monopolar surface EMG electrode grids with a 10 
mm inter-electrode distance (ELSCH064NM3, OT Bioelettronica, Italy) 
were placed on the subject’s right forearm after preparing the skin with 
alcohol wipes. The grid positioning targeted the flexor digitorum superfi-
cialis (FDS) and the extensor digitorum (ED). This resulted in placement of 
the flexor grid halfway along the length of the forearm, and the top of the 
extensor grid started 2 cm below the elbow crease (figure 5.1 A-B). Place-
ment was confirmed by muscle palpation. EMG signals were recorded using 
the OT Bioelettronica EMG-USB2 amplifier. The signals were band-pass 
filtered at 10-500 Hz, amplified using a subject-specific gain of either 500 
or 1000, sampled at 2048 Hz with a resolution of 1.44 µV per least signifi-
cant bit, and transmitted to the host PC. 
Participants were shown four wireframe bars on the screen, each associated 
with a finger. During the experiment, both the instructions and the online 
feedback were presented within the bars, with either measured or estimated 
finger flexion forces filling the bars from the top downwards (figure 5.1 D-E).
Experimental protocol
Training session
Maximum voluntary contraction (MVC) trials were performed for the index, 
middle, ring, and little finger before the collection of the training data. 
During these trials, the participants followed a trapezoidal pattern, where 
the plateau was associated with the maximum amount of force. The partic-
ipants were instructed to press the fingers against the force transducers 
while trying to keep the wrist stable. The plateau of the trapezoidal pattern 
lasted for 5s and the MVC was computed from the middle 3s. Each MVC 
trial was executed once. Due to the randomization of the tasks, participants 
were shown the cue indicating the finger to be activated before each trial.
The training data collection consisted of 3 repetitions of presses with each 
finger following a trapezoidal force pattern. The order of the fingers was 
randomized. Each trial started with 2.5s of rest, after which the partici-
pants reached the 25% MVC target in 2s, maintained the target level for 
5s, and returned to rest in 2s. The trapezoidal pattern was animated in the 
wireframe bars, and was supposed to be matched using the online force 
measurements of the different fingers (figure 5.1 D).
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Myoelectric controller design
The controller for the online session was based on linear regression of the 
EMG signals in the training trials. First, the EMG data were visually inspected 
and noisy channels were excluded (a maximum of 21 channels out of 128). 
The EMG signals were band-pass (10-500 Hz, 4th order Butterworth filter), 
and band-stop filtered (45-55 Hz, 2nd order Butterworth filter) to remove 
movement artifacts and the 50 Hz interference.
Both EMG and force data were segmented into intervals of 200ms dura-
tion, with an overlap of 100ms. EMG amplitude was estimated by calcu-
lating the root mean square (RMS) value for each interval. The force was 
normalized with respect to the MVC.
The weights transforming EMG data into estimated forces were based on a 
linear regressor with ridge regularization:
 
       (5.1)
where W∊RD₁xD₂  represents the weights, with D1 being the number of EMG 
electrodes and an additional term for the intercept (D1 = 128+1 = 129), and D2 
the size of the output force vector (D2 = 4), X =[x (t1), x (t2), ..., x (tN)]∊RD ₁xN 
the matrix of EMG features at N time intervals, λ ∊ RD₁x1 the regularization 
parameters, I∊RD₁xD₂ the identity matrix, and Y =[y (t1 ), y(t2), ..., y(tN )]∊RD₂xN 
the matrix of target force values at the N time intervals.
Three-fold cross-validation was used to determine the regularization 
parameter λ. The data were divided into the folds based on the training 
trials, with each fold including the data from one trial of each single finger 
press. The λ value for which the mean RMS error over the folds was lowest 
was retained. Subsequently, the regressor was re-trained based on all the 
training data in order to determine the weights for the online EMG session, 
so that the estimated forces (ŷ) could be calculated as follows:
ŷ  =  W T X   (5.2)
Online session – force control
In this session, the subjects performed online target reaching task in which 
the moving bars were controlled by pressing on the force sensors (natural 
control). The height of the bar corresponded to the measured finger force 
normalized to the MVC. The online force session consisted of 5 trials of 
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all single finger tasks, and 5 trials of all 2-finger combination presses. The 
participant was instructed to reach a target force in the range 20% to 
30% MVC as fast as possible, while maintaining the forces exerted by the 
non-instructed fingers at <10% MVC (assumed resting threshold). The 
dwell time in the target range in order to complete the trial was 0.5s, and 
the maximum trial duration was 15s. If the target was not reached during 
this time, the trial was categorized as ‘no hit’, and the subjects proceeded 
to the next trial. The order of both the single finger trials, and the combi-
nation trials was randomized. Before each trial, the target to hit, and the 
resting threshold line were presented to the participants (figure 5.1E). The 
participants could then indicate when they wanted the trial to start. During 
the trial, the forces produced by the participant were shown on the screen 
together with the target force range and the threshold line. The screen 
was updated at a rate of 10 Hz, and when the target was reached, the force 
bars turned from grey to green.
Online session – EMG control
In this session, the subjects performed the same target reaching task, 
as described in the previous section, but this time using the myoelectric 
control. The bars on the screen represented the estimated forces based 
on the EMG signal regression. In order to estimate the force, the EMG data 
underwent the same pre-processing and feature extraction as during the 
controller design. Thus, every 100ms the EMG signals were filtered as previ-
ously described and the RMS values were calculated from the last 200ms 
interval. Subsequently, these RMS values were multiplied by the previ-
ously assigned electrode weights in order to compute the estimated forces 
(equations (5.1) and (5.2)). 
The order of both the single finger trials, and the combination trials was 
randomized. Additionally, the order of the online force and EMG sessions 
was randomized across the participants. The outcome measure in both 
tasks was the hit rate, defined as the percent of trials in which the subjects 
successfully reached the target, and the time to complete the successful 
trials. Only the successful trials were taken into account when calculating 
the completion time.
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Data analysis 
Fit of training data
To calculate the performance of the regressor on the training data, we 
calculated the fit of the estimated data to the performed forces with R2:
R2  = 1 -          (5.3)
With:
SSres = Ʃ(yi - ŷi)
2     (5.4)
SStot = Ʃ(yi - ȳi)
2       (5.5) 
where SSres is the sum of squared residuals, SStot the total sum of squares, 
y the actual forces, ŷ the estimated forces, and ӯ the overall mean of the 
forces. The values reported for R2 are the cross-validated results, where 
the folds are based on the three training trials.
Offline estimation of force control trials
The EMG data acquired during force control trials were used in order 
to investigate how the myoelectric controller interpreted muscle activa-
tions generated during natural movements. For each trial, the EMG data 
underwent the same pre-processing and feature calculation as during the 
controller design. Subsequently, the computed features were applied as 
inputs to the myoelectric controller. This resulted in an offline reconstruc-
tion of what the estimated forces would be if they were estimated by the 
myoelectric controller during the force control trials.
The hit rate for this offline estimation was then computed analogously to 
the hit rate for the online EMG and force control. To be considered a hit, 
the offline estimation of the instructed finger force had to fall between 20% 
and 30% MVC, while the estimated forces for the non-instructed fingers 
remained below 10% MVC. Otherwise, the trial was classified as ‘no hit’. The 
offline estimation was performed using the EMG pattern at the middle time 
point of the force trial hitting the target (figure 5.5C). As a result, it was 
possible to determine if the myoelectric controller would translate a hit in 
force control trials into the hit with the estimated forces. 
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Comparison of muscle maps
In order to quantify the difference in neural control between online force 
and EMG control, the distance between EMG patterns generated during 
the same movements was computed for all trials that resulted in hitting 
the target. The distance between the patterns was defined as 1 minus the 
Spearman’s rank correlation (figure 5.6A). The choice of the rank correla-
tion assured that EMG pattern was the factor determining the distance, 
whereas the level of activation had less influence.
The EMG patterns were compared within each control modality and between 
the modalities (EMG control to force control). The former assessed the 
consistency in generating the EMG patterns across trials of the same control 
modality and the latter compared the EMG patterns used for natural versus 
myoelectric control. The analysis was done within participants. 
Statistical analysis
Normality of the data was assessed by the Shapiro-Wilk test. If the null 
hypothesis of normality was rejected, the Kruskal-Wallis test was used in 
order to determine whether samples in different groups (e.g., based on 
instructed finger or participant) originated from the same distribution. 
When this null hypothesis was rejected, post-hoc pair-wise comparisons 
were performed with the Wilcoxon signed rank test using the Bonferroni 
error correction. The difference in distances between muscle maps was 
analyzed using a 2-way ANOVA in order to test the interaction between the 
type of distance (within force, within EMG, and between force and EMG), 
and the number of fingers (single, and combined). Post-hoc analysis was 
performed with the Tukey’s honest significant difference test. The threshold 
for significance throughout the analysis was set to 0.05. Statistical anal-
ysis was performed using IBM SPSS Statistics version 21 (IBM Corporation, 
Armonk, NY, USA).
Results
Training data
The trapezoidal cue, the forces generated by the participant, and the forces 
estimated using the linear regression of the EMG signals are shown in figure 
5.2. The mean R2 between the cue and the generated forces was 0.94 
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(± 0.05), with no statistical difference between different fingers (p = 0.86).
The mean R2 between the generated and estimated forces was 0.80 (± 0.19) 
over all folds and participants, with a fit of 0.74 (± 0.14), 0.76 (± 0.28), 0.87 
(± 0.14), and 0.81 (± 0.14) for the index, middle, ring, and little finger respectively. 
The Shapiro-Wilk test revealed that the results of the fit were not normally 
distributed for any of the fingers (p-values between <0.001 and 0.009). 
The Kruskal-Wallis test showed a significant difference between groups (p 
= 0.001), with the post-hoc analysis revealing a significant difference in the 
quality of force estimation for the index and the ring finger (p = 0.001). 
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Figure 5.2. (A) Example of performance during the collection of the training data (dashed 
lines), and the estimated forces (full colored lines) compared to the training cues (grey). (B) 
Three-fold cross-validated fit of the estimated forces and the actual forces of the training 
data per instructed finger. The horizontal line indicates the statistically significant difference 
between the fit for index and ring finger over all participants.
Online session – force control
Both hit rate and completion time were found to be not normally distrib-
uted. During the single finger trials, 100% of the targets were reached, 
while the combined tasks led to a 99% success rate. The time to complete 
the trials was 2.1s (± 0.8s) for the single finger trials, and 3.0s (± 1.2s) for 
combined finger trials. The Kruskal-Wallis test showed no significant differ-
ence between instructed fingers for either the hit rate (p = 1 for single 
finger; p = 0.42 for combined finger) or the completion time (p = 0.71 for 
single finger; p = 0.08 for combined finger). 
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Online session – EMG control
Figure 5.3 shows an example of the estimated force traces, and the summary 
results for the hit rate, and the completion time during the single finger 
EMG control tasks. Figure 5.4 presents the same for the combined finger 
trials. Hit rate and completion time results for the EMG controlled trials 
were also not normally distributed. Participants hit on average 88% of the 
single finger targets, while the rate dropped to 54% in the combined finger 
trials. The hit rates were similar for all single finger (p = 1), and combined 
finger (p = 0.53) movements.
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Figure 5.3. Online EMG controlled single finger data. (A) Example of estimated force 
traces during 6 consecutive single finger trials. The instructed finger is indicated on top of the 
force traces. The dotted line indicates the start of a new trial. The grey bar shows the target 
zone, while the red line represents the resting threshold for non-instructed fingers. (B) Hit rate 
of online EMG trials for the different instructed fingers. (C) Completion time of the correct trials. 
The horizontal lines indicate the statistical difference between instructed fingers.
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Figure 5.4. Online EMG controlled combined finger movement data. (A) Example 
of estimated force traces during 4 consecutive combined finger trials. The instructed 
combination is indicated on top of the force traces. The dotted line indicates the start of 
a new trial. The grey bar shows the target zone, while the red line represents the resting 
threshold for the non-instructed fingers. (B) Hit rate of online EMG trials for the different 
instructed combinations. (C) Completion time of the correct trials. Statistical analysis showed 
no significant difference in completion time between combinations (p = 0.28).
During online EMG control, completion time was 4.2s (± 3.0s) for single 
finger trials, and 7.2s (± 3.3s) for combined finger trials. Both were signifi-
cantly slower than the corresponding force control trials (p < 0.001 in 
both cases). The targets were reached significantly faster using the little 
finger (3.7s ± 2.4s) compared to the index (4.2s ± 3.1s; p = 0.003) and 
middle finger (4.7s ± 3.5s; p = 0.01). There were no differences in comple-
tion time based on the finger combinations (p = 0.28).
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Offline estimation of force control trials
The offline estimation of the single finger force control trials led to a hit 
rate of 34%, compared to the 88% in EMG control trials (figure 5.5D). The 
offline hit rate for the different fingers was 28%, 45%, 42%, and 22% for 
the index, middle, ring, and little finger respectively (p = 0.022). Pair-wise 
post-hoc analysis showed that the only significant difference was between 
the middle and little finger (p = 0.043).
The offline estimation of combined finger force trials showed a hit rate 
of 4%, compared to the 54% in EMG control trials (figure 5.5E). The Krus-
kal-Wallis test showed no significant difference in the hit rate between the 
instructed combinations (p = 0.808). 
Therefore, the online EMG control substantially improved the hit rate 
compared to the offline estimations, i.e., the hit rate increased for 53.7% for 
single finger trials, and 50.3% for the combined finger trials.
Comparison of muscle control strategies
Figure 5.6C (on page 112) shows the muscle maps for the 5 trials of the 
combination movement middle/ring finger, for both the force control (left), 
and the EMG control (right). This example shows that the muscle activa-
tions were quite consistent within the control type, but that they varied 
between the control types. This change was consistent over participants, 
although they exhibited different learning strategies. The exemplary data 
shown in figure 5.6C indicate, for example, that this participant found a 
solution to the EMG control of this specific finger flexion movement by 
increasing extensor activation, which seems counter-intuitive as it is an 
antagonist when the task is based on force control.
To investigate these activation changes further, a two-way ANOVA was 
performed to understand the effects of the distance measure (Force-
Force vs EMG-EMG vs Force-EMG) and the number of fingers (single vs 
combined) on the distance between the EMG patterns. The test revealed a 
statistically significant interaction between distance measure and number 
of fingers (p = 0.037; figure 5.6B). However, there was no significant differ-
ence based on the amount of fingers for any of the distance measures (p 
= 0.096, p = 0.077, and p = 0.315 for within force, within EMG, and between 
force and EMG respectively). The distance between force and EMG trials 
(0.25 ± 0.01) was significantly higher compared to those within force trials 
(0.15 ± 0.01; p < 0.001), and those within EMG trials (0.16 ± 0.01; p < 0.001). 
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Figure 5.5. Offline estimation of force control trials. (A) Example of executed force 
trials (dotted line), and the offline estimation of the forces (full colored line) for both single 
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The grey bar shows the target zone, while the red line represents the resting threshold for the 
non-instructed fingers. The first little finger movement in the single finger trials would not have 
resulted in a hit when reconstructed as the forces are underestimated. In the other trials, when 
the finger is not instructed, the estimated forces overestimate the actual force. (C) Point in 
the trials that is taken into account when computing the offline hit rate. (D) Hit rate for offline 
estimation of force control trials and EMG control trials for both single and (E) combined finger 
movements. Individual participants are represented in grey, with the overall mean in black.
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There was no statistically significant difference between distances within 
force and within EMG trials (p = 0.854).
For reference, the distance between EMG patterns of different movements 
of the same control type - either within force or within EMG trials - was 
0.49 (± 0.28).
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Figure 5.6. Analysis of muscle control strategies. (A) Method of calculating distance 
between EMG patterns: the EMG values of the flexor and extensor grids are concatenated 
into one vector. The distance is defined as 1 - Spearman’s rank correlation between these 
vectors. For each trial, the activations were taken at the same moment in time as depicted in 
Fig. 5.5C. (B) Distance between the muscle maps for single and combined finger movements. 
Horizontal lines indicate significant differences. (C) Example of EMG patterns when performing 
the combination movement middle/ring finger for both force and EMG control. During EMG 
control trials, the flexor muscles show higher activation in a similar pattern as the muscle 
activation during force control trials. However, the extensor muscles are also activated in the 
EMG control trials, which might seem counter intuitive when performing a flexion motion.
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Variability across subjects
The mean R2 of the training data ranged from 0.53 (± 0.42) to 0.94 (± 0.02) 
for the different participants, with a significant difference between subjects 
(p < 0.001). All subjects were able to hit all single finger targets during the 
force control trials. All but one subject were able to hit all combined force 
control trials, with one subject hitting 97% of the targets. The hit rate for 
EMG single finger control trials ranged from 65% to 100%, with the range 
increasing for the combined EMG control trials (from 10% to 97%).
Substantial variability between subjects was also present in the comple-
tion times for single finger force control (range 1.6s ± 0.5s - 2.8s ± 0.7, 
p < 0.001), combined finger force control (range 2.4s ± 0.5s - 4.5s ± 1.0, 
p < 0.001), single finger EMG control (range 2.1s ± 0.9s - 8.2s ± 4.8, 
p < 0.001), and combined finger EMG control (range 5.4s ± 1.6s - 10.6s ± 
2.0, p = 0.001). 
Discussion
We showed that it is possible to estimate combined finger forces, even 
when the myoelectric controller is trained solely on single finger data. 
However, this is only possible to some extent and only when the experiment 
is performed online, highlighting the importance of model learning, i.e. the 
participants learning a new internal model associated with the myoelectric 
controller. We additionally demonstrated that this change in internal model 
is reflected in the change in muscle activation patterns.
A myoelectric controller predicting finger forces and allowing for general-
ization outside of the limited training set was introduced in this study. The 
controller is trained on only three repetitions of single finger movements 
and uses linear regression with ridge regularization to estimate the flexion 
force from recorded HD-EMG. The limited training set and the minimal 
computational complexity of the algorithm resulted in the total training 
time of less than 10 minutes, including both the execution of the move-
ments, and the calculation of the regressor, which is similar to the calcula-
tion of a threshold controller [27]. The controller allowed for generalization 
in multiple ways. First, it could predict simultaneous activations of multiple 
DoFs, even when trained on single DoFs. Additionally, it also allowed the 
prediction of forces during a novel task. The training session consisted of 
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the tracking of a trapezoidal force pattern, while the online test session 
consisted of target reaching tasks.
The controller resulted in good performance when tested on the trained 
movements (figure 5.3), as expected. Additionally, combined finger targets 
could also be reached. However, the comparison of force traces in figures 
5.3 and 5.4 shows that the tasks with two fingers were more challenging 
than those with single fingers. The analysis between subjects revealed a 
high variability in performance. The fact that some subjects were able to 
reach high hit rates in both single and combined EMG controlled move-
ments, suggests that the novel target hitting task can be learned. The 
short duration of the experiment may have limited model learning in some 
of the participants.
The high fit between the reference and the executed forces during training, 
together with the nearly perfect hit rate and fast completion times during 
the online force control tasks, showed that the force tasks were natural and 
not challenging for the participants [54]. In the myoelectric control task, 
the participants were confronted with a novel controller based on the esti-
mated forces, leading to a lower performance. In this condition, even when 
the controller was trained and tested on the muscle patterns from the same 
type of movements, performance decreased with respect to force tasks. 
The offline results of our training data, with a mean R2 of 0.8 are similar 
to those reported in the previous studies [35], [39], with some studies 
reporting offline estimates of up to 0.9 R2 [31], [40]. However, our calcula-
tion of the offline estimation of the hit rate shows that the high level of fit 
for the tracking of the training force profiles does not necessarily translate 
to another task, in this case, the target reaching (figure 5.5). These results 
reveal the limited capabilities of the myoelectric controller to mimic natural 
force control. The offline estimation of combined finger forces shows that 
the myoelectric controller was not able to generalize to untrained combina-
tions, as it resulted in a hit rate of only 4%. This might be due to the limited 
complexity of the chosen myoelectric controller. Other algorithms have 
been previously tested for myoelectric control of individual fingers, such 
as support vector machines [38], or artificial neural networks [32], [33], 
[41], [42], however, only in offline analysis. Our online EMG control results 
suggest that bringing the subject into the control loop by providing online 
feedback of estimated forces improves performance, as recently shown for 
2 DoF regression control [53]. The improvement in performance was not 
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limited to the tasks the myoelectric controller was trained on, as our results 
showed a similar increase of around 50% in hit rate for both the single and 
combined finger tasks (figure 5.5). This suggests that offline performance, 
and thus algorithm complexity, might not be the major factor of influence 
on myoelectric control performance. 
The comparison between the hit rates estimated offline and those achieved 
during online control showed that the participants were able to learn the 
new myoelectric task. The feedback of estimated forces allowed partici-
pants to update their internal model of the task and the generated EMG, 
which is reflected in the change in muscle activation patterns (figure 5.6C). 
This change was present even during the single finger trials, which were 
the same tasks used for training the myoelectric controller. The analysis 
of the muscle activation patterns also indicated that the adaptation strat-
egies were subject-specific and possibly counter intuitive. For example, 
some subjects solved the myoelectric control task by strongly recruiting 
extensor muscles, although the task required mainly flexor activations 
when using natural control during training (force tracking). 
It has been previously shown that myoelectric control is a task that can be 
learned [48]–[52]. The task can vary in difficulty based on the amount of 
muscles involved, the location of the muscles – with easier control of more 
distal muscles [48] – and on the degree of intuitiveness of the task. Some 
reports showed that intuitive tasks (where the muscles associated with the 
myoelectric control task are the same muscles associated with that task 
in force control) are better controlled than non-intuitive tasks [50], [52]. 
Others have shown that the learning curves of both intuitive and non-in-
tuitive mappings lead to similar asymptotes, resulting in the same plateau 
performance [48], while the initial performance was better with intuitive 
mapping [48], [50], [52]. The use of linear ridge regression in this study 
ensures an intuitive mapping between EMG and forces. However, the use 
of HD-EMG grids on the lower arm might have complicated the learning 
because of the use of proximal muscles, and the fact that the EMG grids 
pick up signals from multiple muscles. The limited amount of trials (5 per 
instructed press: a total of 20 for single finger, and 30 for combined finger 
presses) provided limited opportunity for the updates to the internal model. 
We expect that all participants, even those that performed poorly in the 
combined finger experiment, would be able to increase their performance 
when allowed to learn over a longer period of time. 
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The myoelectric controller is a redundant system, where multiple EMG 
activations could lead to the same estimated force output. However, the 
neural control analysis showed that the variability in EMG patterns within 
participants is similar in both force control and EMG control modalities. This 
suggests that participants would not continue exploring the solution space 
once they find a solution. The role of variability in motor learning is still 
not fully understood [55], [56]. The reluctance to fully explore the avail-
able solution space might be in order to improve the final performance, 
as a recent study suggested that high motor variability in practicing a task 
leads to larger errors at the end of the practice [57]. However, this limited 
exploration could also be a result of the time constraints in this experiment, 
where the certainty of a ‘hit trial’ by repeating an EMG pattern outweighed 
the chance of being timed out when exploring other strategies.
The main limitation of this study was the limited amount of repetitions 
included in the experiment. During the experiment, the subjects were still 
in the early stages of learning, which might account for the poor perfor-
mance of some participants. 
The use of HD-EMG grids allowed a detailed insight into muscle control 
patterns. However, while this approach is useful for the analysis of motor 
control, it is currently impractical for commercial prosthetic control because 
of the large number of electrodes. Therefore, it would be interesting to 
explore myoelectric finger learning with a reduced number of electrodes 
placed on the lower arm. 
This study did not investigate the use of the thumb. Our aim was to inves-
tigate learning of an intuitive EMG-to-force mapping, which was made 
possible by targeting the FDS and ED for the control of index, middle, ring, 
and little finger. This electrode placement did not include any muscles that 
are naturally involved in thumb control, as they are positioned more distally 
and intrinsically within the hand. Due to the importance of the thumb during 
daily movements [58], future research should include the thumb muscles as 
well, especially as it has been shown that learning of non-intuitive mappings
eventually lead to similar performance as intuitive mappings [48].
A further limitation was that the study only included able-bodied subjects. 
Previous studies on myoelectric finger control that included both control 
subjects and amputees, showed lower accuracy for participants with an 
amputation than control subjects, both offline [59]–[61], and online [62]. 
These differences might be due to the fact that myoelectric finger control 
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is less intuitive for amputees than able-bodied subjects, leading to an initial 
difference in performance. Experiments over longer periods of time might 
indicate if these differences can be decreased.  
Conclusion
 
We have shown that simultaneous and proportional myoelectric control 
of combined finger movements is possible if performed through online 
control, even when limiting the training to single DoFs. Further analysis 
showed that the capability of the user to update the internal model of 
the task might be more important to the performance than the ability of 
the myoelectric controller to predict the forces offline. As a consequence, 
simple algorithms might lead to a good control if they are easy to learn.
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Chapter 6
General discussion 
and outlook 
Summary
The aims of this thesis were (1) to study how movements that are 
common in daily life shape how our brain controls complex movements; 
(2) to understand how our brain controls single finger presses; and (3) 
to develop a control strategy for myoelectric prostheses that allows for 
single and combined finger movements. We performed a series of exper-
iments that included hand movements commonly performed throughout 
the day, less common single finger movements, and novel finger move-
ments. This allowed us to compare how the brain handles these different 
movement types. 
This thesis consists of two parts, where neural control of fine hand move-
ments is studied from both a basic neuroscience, and an applied point of 
view. In part 1, consisting of chapters 2 and 3, we try to understand how 
the brain controls hand movements, and if the movements we make also 
have an influence on the organization of our motor cortex (M1).
In chapter 2, we investigated how the movements we make on a daily basis 
influence the organization of our motor cortex. Previous literature has 
shown that the output from common movements resembled the output 
resulting from brain stimulation better than chance [1]–[4]. This lead to 
the ‘natural representation hypothesis’, which states that the organization 
of M1 is optimal in controlling a range of daily activities. In its most strict 
version, this hypothesis implies that the probability of evoking a certain 
muscle activity pattern by cortical stimulation exactly matches the proba-
bility of that pattern as observed during daily use. In order to quantitatively 
test the natural representation hypothesis, we compared the overlap in the 
covariance structures of electromyography (EMG) activity resulting from 
different activations: transcranial stimulation, daily movements, and single 
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finger movements. The last set of movements were included as single 
finger movements are less frequent in daily life, and therefore allowed us 
to test if these are represented less well in M1 than more common move-
ments. The results showed that, while the EMG patterns after transcra-
nial magnetic stimulation (TMS) and natural movements showed a higher 
overlap than chance, EMG patterns resulting from stimulation did not 
resemble natural movements more than infrequent movements. This 
suggests that the organization of M1 does not follow the strictest form of 
the natural representation hypothesis. 
Chapter 3 examined how the brain controls single finger presses, and 
how this control might be related to the forces observed in non-instructed 
fingers, the so-called enslaving. For this purpose, we measured the EMG 
activity of both intrinsic and extrinsic hand muscles while the participants 
performed single finger presses. We observed a distinct neural drive to the 
hand muscles, with intrinsic muscles activation related to the instructed 
finger, and extrinsic muscles mainly showing an overall broad activation 
regardless of the instructed finger. The extrinsic agonistic muscles related 
to the instructed finger had some modulation on top of this broad overall 
activation. The latter might be due to the need for wrist stabilization [5], 
as there was no wrist splint used in this study in order to keep the task as 
unrestrained, and as close to natural as possible. Our results suggest that 
enslaving might be a result of the inability of the intrinsic muscles to coun-
teract the forces produced by the broad activation of extrinsic muscles.
In part 2 of the thesis, consisting of chapters 4 and 5, we explored the 
possibility of restoring lost finger control through the use of a prosthesis. 
State-of-the art prostheses allow for the separate control of the fingers 
in an attempt to mimic natural hand use [6]–[8]. In these prostheses, each 
finger is controlled as a separate degree of freedom (DoF). As a result, 
traditional direct control, that only allows sequential control of different 
DoFs [9]–[11], is not feasible for finger control. Myoelectric control based 
on pattern recognition algorithms allow for the simultaneous control of 
more DoFs. However, in the case of pattern recognition, all possible 
combinations of the DoFs have to be trained separately [12]. This makes 
pattern recognition for finger control difficult to implement clinically, as 
the training time increases substantially when including all possible finger 
combinations. Therefore, we tested regression based myoelectric control, 
where the controller can predict any untrained combination of DoFs after 
127
Chapter 6 - General discussion
training only single DoFs [13]–[15]. Chapter 4 was a proof-of-concept study 
showing that combined control can be achieved in real time, also called 
‘online control’. 
Chapter 5 investigates how the neural drive changes when people use 
myoelectric control instead of the natural force control to operate a pros-
thesis. The accuracy of the myoelectric controller is not perfect during 
dexterous tasks, especially so when generalizing to tasks that were not 
part of the training data of the controller. However, by performing the task 
in real time, users observe their errors, and can correct their trajectories 
online. By updating their internal model of the task, the idea of what forces 
a certain muscle pattern is going to generate, users are able to perform 
the task faster and more accurate. This error correction is what leads to 
the change in neural drive, and was observed in both the force profiles, and 
the muscle patterns in our experiment. The results of this chapter showed 
why it is important to perform myoelectric control studies online, substan-
tiating the call for more online myoelectric control studies [16]–[18]. The 
results also suggest that the capability of the user to adapt to the myoe-
lectric controller might be more important for the accuracy of prosthetic 
control than the accuracy of the myoelectric controller itself. Additionally, 
algorithms with low computational complexity might therefore lead to a 
good control of a prosthesis if they are easy to learn.
Neural control of fine hand movements
In chapter 2, we calculated the overlap in covariance structure between 
three types of movement: movement evoked by transcranial stimulation, 
voluntarily produced daily movements, and voluntarily single finger presses. 
The results suggested that, while there is a common structure in muscle 
output of evoked movements and daily movements, the strictest version 
of the so-called ‘natural representation hypothesis’ does not hold. In short, 
this hypothesis states that the probability of a certain muscle output is 
related to how much this muscle pattern is created on a daily basis. As 
such, the fact that the strict version of the natural representation hypoth-
esis was found to be not true is good news, as this allows us to perform less 
frequent finger movements, and even to create new movements. In fact, 
the other chapters in this thesis made use of this possibility to adapt our 
128
From man to machine
neural control for different movements, and even create new movements, 
as we investigate infrequent movements in chapter 3, and created pros-
thetic control based on novel muscle patterns in chapters 4 and 5. 
The results of chapter 2 also showed that even very focused movements, 
such as single finger movements, are generated by distributed patterns 
of muscle activations. This broad activation in muscle space is probably 
the common overlap between the different movements, as it is present 
in both multi-finger movements such as grasps, and single finger move-
ments. If these muscle patterns are not the result of M1 outputs that are 
shaped by daily use, then what strategy is the brain using that leads to 
these patterns? The ease with which complex hand movements are made 
Figure 6.1. Overview of optimal feedback control. When a goal is identified, a motor 
command is generated that acts on the body and environment, leading to a state change. 
A copy of this motor command is send to the internal model, which generates a predicted 
output with its accompanying sensory feedback. The sensory system sends feedback to the 
state estimator about the new state, for example visual, and proprioceptive feedback of the 
movement. This feedback is compared to the predicted sensory feedback of the internal 
model. The discrepancy between the two, the movement error, allows for an update of the 
belief about the system state. This update ensures that the next motor command that is 
generated will not produce the same error. 
Motor command 
generator
Body + 
environment
Internal model
State estimation
Goal Motor command State change
Sensory feedback
Sensory system
Predicted sensory feedback
Belief about 
system state
Noise
Noise
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suggests that some optimization is present in the brain. The observation 
that motor commands are corrupted by noise that is dependent on the 
size of the signal [19], [20], lead the optimal feedback control law based 
on signal-dependent noise (figure 6.1) [21], [22]. This framework suggests 
that the brain plans to execute a movement by using the combination of 
the muscles that will lead to the smallest possible sum of squared motor 
commands [22], [23]. Spreading the necessary muscle activity to execute 
a movement over multiple muscles will lead to smaller errors because the 
noise in the neural control signal increases with the mean level of the signal. 
This spread of activity might lead to the broad activation we observed in all 
three movement types, and might be the reason for the overlap in muscle 
covariance structure between the movements. Motor control based on 
optimal feedback control leads to more accurate movements, but it compli-
cates our study of fine hand movements, as we cannot easily pin-point one 
muscle that is associated with a certain movement. 
Our study into single finger presses in chapter 3 confirmed this complexity, 
where each single finger press was the result of the activation of multiple 
muscles in both the hand and the lower arm. We found little changes in the 
extrinsic muscles based on the instructed finger, with only the agonistic 
extrinsic muscles showing a small task-specific modulation on top of a 
broad activation. However, the overall level of activation of all extrinsic 
muscles depended on the instructed finger, with for example ring finger 
presses leading to higher activation in all extrinsic flexion muscles. The 
intrinsic muscles showed a more individuated activation than the extrinsic 
muscles. These small muscles within the hand have a very complex anatomy, 
where the same palmar muscle can lead to both flexion at the metacarpo-
phalangeal joints, and extension at the interphalangeal joints of the same 
finger via the extensor mechanism [24]–[26]. As a result, it is difficult to 
tease apart the function of these muscles, requiring the need of mechan-
ical models in order to study them in depth [26], [27]. However, from a 
neural standpoint, there seems to be a focused drive towards the intrinsic 
muscles. The analysis showed that co-activation of intrinsic agonistic and 
antagonistic muscles is always present most likely in order to stabilize the 
finger during the instructed press [24], [28], [29]. The complex anatomy 
might aid to this stabilization by influencing opposite DoFs (such as flexion 
and extension of one finger) at the same time. 
These patterns of co-activation of agonistic and antagonistic muscle could 
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be observed in both intrinsic and extrinsic muscles, and ensure the stabili-
zation of the joints [28]. The need for stabilization was a direct result of our 
experimental setup, as we did not splint the wrist. We made this choice in 
order to provide as little constraints as possible, and therefore approaching 
finger presses outside of a laboratory environment (for example during 
typewriting) as close as possible. Because of this, we could also observe 
that finger presses lead to a rotational force around the wrist [30], [31], 
resulting in extension forces in some non-instructed fingers. 
The distinct patterns in intrinsic and extrinsic muscles is important when we 
want to decode intended movements, as in myoelectric control. The EMG 
signal could for example be used to control an orthosis supporting move-
ment after stroke, or in a prosthesis that restores movement for people 
with an amputation (chapters 4 and 5). Our results show that the intrinsic 
muscles could give a much better idea of what the user tries to do. Unfor-
tunately, distal muscles show more abnormal patterns than more proximal 
muscles in patients with stroke [32], and, of course, hand muscles are often 
missing with amputations at or proximal to the wrist. 
 
Translating fine hand movements  
to prosthetic control
Myoelectric control, the estimation of movement based on the electrical 
signals of the muscle, is a novel motor task for the user that can be learned 
[33]–[37]. The daily hand movements in chapter 2 confirmed that most 
hand movements include simultaneous use of multiple fingers, as was 
already known from previous work [38]. In an attempt to mimic this simul-
taneous use of multiple fingers, regression was used in the myoelectric 
controllers of chapters 4 and 5. 
The ultimate goal in prosthetic research is developing a product that can 
be used in clinical practice. This translation from a laboratory setting to 
daily use has been proven to be challenging, where the incomplete informa-
tion transfer leads to a non-intuitive approach [39]. Figure 6.2 shows that 
research into myoelectric control has increased especially in the last four 
years, with much of that research focused on providing users with a more 
intuitive control. It is therefore surprising that the clinical state-of-the art 
devices interfacing robotic limbs and the human body have not changed 
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considerably since the introduction of myoelectric controlled prostheses 
in the 1950s [10].
When considering clinical implementation of myoelectric controlled pros-
theses, many factors have to be taken into account. During our experi-
ments, we focused on two of these: the time necessary to train the system, 
and the ability of the controller to perform the control in real time. In the 
introduction of this thesis, we introduced the idea of intuitive mapping, 
where muscle patterns lead to the movement of a prosthesis that they 
are naturally associated with. However, to be able to achieve this type of 
control, the myoelectric system first has to be provided with a labelled 
training dataset, where each muscle pattern is linked to the force pattern 
it generated. When the mapping is deteriorated, for example by taking off 
and putting on the prosthesis, or by the change in muscle activation as a 
result of exhaustion, then the system has to be retrained. This will hardly 
lead to a useable device. Linear ridge regression algorithms allow us to 
solely train the single fingers, and later predicting untrained combinations 
Figure 6.2. Amount of papers published each year between 1980 and 2017 matching the 
search ‘myoelectric control’ in pubmed database.
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of these fingers, substantially lowering the necessary training time for 
myoelectric finger control.
The second clinical aspect we focused on is online control. Good offline 
accuracy, when the controller is tested on previously recorded data, will not 
necessary translate into an easy control for the user [16], [17]. It could for 
example be very slow, where the user not only has to wait on the intended 
movement, but where they also notice errors later in the process, leading 
to long time delays in order to correct them. Other algorithms, providing 
on/off control of single or multiple DoFs, can lead to large errors when the 
wrong DoFs are activated. The use of a linear ridge regression was also 
a solution to this time constraint, as it is a very fast controller with low 
computational complexity.
Chapter 4 was a proof-of-concept study that showed the feasibility of 
online control based on a very limited training set. However, due to the 
nature of the study, participants only performed one repetition of each 
specific motion. The analysis of the number of dwellings, the cases in which 
participants were able to reach the target, but were unable to stay there for 
the required amount of time, demonstrated that participants did not have 
a stable control when performing the target hitting tasks, especially for the 
untrained combinations. Therefore, a subsequent study was performed in 
order to investigate why stable control was lacking (chapter 5).
When participants were given more time to get familiar with the controller 
in chapter 5, they were able to control the task better. However, we saw 
a large variability over participants. This led us to believe that the task 
is possible, but that some users need more time to learn the task than 
others. The analysis of both the forces and the EMG patterns confirmed 
that myoelectric control is a new task. This is an important notion, as it 
is commonly ignored in myoelectric control research. Often, studies are 
only performed offline, and these commonly lead to the suggestion that 
more complex algorithms will lead to better control. However, if myoelec-
tric control is a new task, than it is important to learn the task online. 
The schematic of optimal feedback control in figure 6.1 shows that the 
motor command is updated by comparing the feedback of the task to 
what outcome the participant expected. This expected outcome is formed 
by the internal model, where prior experience dictates which outcome a 
certain muscle activation is associated with. The internal model can only 
be updated when a task is performed online, as this allows us to immedi-
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ately observe the error between the expected outcome and the feedback. 
By correcting this error online, the internal model learns to associate a new 
muscle pattern with the expected outcome. The experiment in chapter 5 
allowed us to observe the change in neural drive that is associated with 
the updated internal model, by comparing EMG maps in force control and 
myoelectric control. Our results showed that the hit rate increased with 50% 
when going from offline to online control, demonstrating that users were 
able to improve their performance by adapting to the observed errors. 
The scheme in figure 6.1 indicates that error calculation is based on the 
incoming feedback from the task that is performed. The visual feedback 
received on the computer screen represents the estimated forces when 
investigating myoelectric control through the use of virtual reality tasks. 
However, the participants also still receive sensory feedback related to the 
actual forces that they produce from the tactile receptors in the fingers, 
as well as from their own muscles (sense of contraction). The discrepancy 
between these two modes of feedback might have led to a reduced perfor-
mance, as has previously been shown with conflicting visual and proprio-
ceptive feedback [40]. 
Limitations
Cross-talk
The different studies presented in this thesis each had of course limitations. 
One common limitation was that we used surface EMG, where electrodes 
can pick up information of non-targeted muscles due to volume conduc-
tion, also called cross-talk.  The different studies had specific requirements 
for cross-talk management, and we tried to address them accordingly. The 
studies in chapters 2 and 3 made use of bipolar EMG derivations, which 
reduces the amount of cross-talk [41]. The cross-talk in the intrinsic muscles 
studied in those chapters was limited because of the small size, and the 
superficial location of the targeted muscles [41]. In chapter 3, we found an 
individuated neural control of the intrinsic muscles. If cross-talk influenced 
these results, then the actual pattern would have been even more indi-
viduated, confirming that conclusion. In the same chapter we also studied 
muscles in the lower arm. Here again, we used bipolar EMG derivations, and 
previous research has shown that cross-talk is less for muscles associated 
134
From man to machine
with finger movements, which were studied here, than for wrist movements 
[42]. The distance between the selected electrodes in the lower arm was 
found to be more than 2cm, which has been shown to reduce cross-talk to 
10-20% of the original signal [43]. 
The analysis in chapter 2 is more sensitive to cross-talk due to the inclusion 
of a ‘random dataset’. In this study, we compared the covariance structure 
of different EMG datasets. The collection of all the data was performed 
within one session, therefore creating the same cross-talk in all move-
ments. However, we created a random dataset by shuffling the EMG elec-
trodes before the calculation of the covariance matrix, therefore breaking 
the cross-talk structure that was present in all other datasets. Because of 
this, we de-correlated the EMG data before the analysis. This was possible 
by collecting data at rest, where we could analyse which electrode have 
correlated activity. Subsequently, we subtracted this correlation structure 
of all data, therefore minimizing any influence of cross-talk. This de-cor-
relation ensured that we did not overestimate the distance between volun-
tary movement types and the random dataset.
In chapters 4 and 5, we used monopolar derivations of HD-EMG grids 
as this increased the pick-up area of the muscle activity, and therefore 
certainly picked up cross-talk. However, because these were applied 
studies, this was not necessarily a problem. Cross-talk depends mainly on 
factors that do not change in the time span of an experiment (such as 
muscle depth, the type and height of intermediate tissue layers, and the 
size and placement of electrodes). In these studies, it was important that 
cross-talk was similar when training and testing the myoelectric controller, 
which was achieved as the experiments lasted less than two hours. The 
myoelectric controller was trained on data that had cross-talk between the 
electrodes, and could therefore make accurate estimations based on the 
EMG data that had the same cross-talk structure during the online control.
TMS
In chapter 2, we encountered other method-related limitations when using 
TMS. The exact placement and rotation of the TMS coil have a big influence 
on the resulting muscle patterns, with variations of a couple of millimetres 
resulting in significant differences in motor evoked potentials. In order to try 
and minimize these undesired recording variations, we recorded the location 
of the coil throughout the experiment with a specialized tracking system 
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(Brainsight Neuronavigation, Brainsight, Rogue Research Inc, Montreal, 
Canada). However, to acquire a full view of the M1 outputs following brain 
stimulation, we were required to create a white noise pattern of stimu-
lation, and therefore included also random stimulation locations next to 
the grid points. TMS results in a broad stimulation of the motor cortex, 
as both experimental and simulation studies have shown [1], [44], [45]. In 
order to test if our results were not dependent on this broad stimulation, 
we also included a previously reported monkey dataset [4] with much more 
focal stimulation. We concluded that the results found in humans were not 
because of the use of TMS as both the analysis for the TMS and the intra-
cortical micro-stimulation in the monkeys resulted in similar divergences 
between the different movements. 
Optimal feedback control
In chapter 2, we showed that the natural representation hypothesis does 
not hold in its most strict form. Both in the chapter, and earlier in this 
discussion, we suggested that the overlap in stimulation and natural hand 
use could be because of the broad activation of muscles for all move-
ments. We propose that these patterns could be a result of optimal feed-
back control (figure 6.1), where movement errors are minimized. However, 
it is important to note that we did not specifically test this theory. Optimal 
feedback control theory is difficult to study in natural hand movements, as 
these are less constraint than for example reaching movements in a labo-
ratory setting. Due to the limited constraints, it is difficult to determine the 
exact end-goal position, as picking up a cup can for example be done in 
multiple ways. However, when studying optimal feedback control, it is very 
important to measure the exact target, and the variability that the partic-
ipants have over a series of movements. Therefore, we stated that the 
muscle patterns we observed resemble outputs that would be predicted by 
optimal feedback control, but we cannot claim that the pattern is a result 
of optimal feedback control.
Far from clinical implementation 
Chapter 4 was a proof-of-concept study, and therefore had both a limited 
number of participants, and a limited number of tasks and trials. As a result, 
this study lacked statistical power. Therefore, we focused more on one of 
the two regression methods in chapter 5, providing more repetitions per 
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subject. While these studies have the ultimate goal of generating control 
algorithms that can be implemented in clinical settings, they are still far 
away from that goal because of several reasons. First, we did not include 
the thumb in the study in chapter 5. This choice was made as we wanted 
to investigate the changes in neural control, and the electrode placement 
did not allow for the recording of signals from muscles associated with the 
thumb. Second, the use of HD-EMG grids allowed for a nuanced insight 
into the neural drive, and how the new controller changed motor control 
strategies. However, these electrodes are unsuitable for implementation 
as they need too much space, are vulnerable to movement noise, and the 
high number of electrodes lead to more complex calculations. The biggest 
limitation is that we did not measure amputee subjects in the myoelectric 
control studies. We wanted to first create an experimental protocol that 
was validated by able-bodied participants. Our study has shown that myoe-
lectric finger control is a new task, and therefore can be achieved even 
when the mapping is not intuitive, opening up the possibility of performing 
the same task on amputee subjects.
Future research
Future research into myoelectric control of prostheses and orthoses 
could incorporate much of what we have learned throughout this thesis, 
and simultaneously address some of the limitations we have encountered. 
The results in chapter 5 showed a high variability in the control accu-
racy between the subjects. Therefore, it would be interesting to investi-
gate the learning associated with myoelectric finger control more thor-
oughly, in order to determine if these participants that had trouble with the 
control in a limited time frame could also acquire a higher level of control 
over a longer period of time. By incorporating different levels of variability 
allowed for the different fingers, we could test if learning of a myoelectric 
controller follows optimal feedback control. 
We demonstrated that myoelectric finger control can be achieved with 
an algorithm with low computational complexity. It would be interesting 
to investigate if the complexity of the controller has an influence on 
the eventual accuracy of the controller when the learning asymptote is 
reached. Previous literature has shown that both intuitive and non-intui-
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tive EMG-to-motion mapping eventually manage the same level of control 
[33], leading us to think that this would also be the case with algorithms 
of different complexities. When this turns out to be correct, myoelectric 
control studies should focus more towards clinical implementation, and the 
ability of the user to learn the proposed control.
In order to make the studies more easily transferrable to clinical implemen-
tation, we should also consider other factors. First, the thumb should be 
included in the studies, as it is essential throughout daily movements such 
as grasping [38]. Additionally, the controller should ideally be based on a 
limited amount of electrodes, and a reduced bandwidth, preferably with a 
commercially available product such as the Myo armband (Thalmic Labs 
Inc, Kitchener, Canada). This might actually make the task easier to learn 
for the users, as the HD-EMG electrodes used in the studies in this thesis 
require them to control a high amount of muscles at the same time, while it 
has been shown that an increase in amount of muscles increases the diffi-
culty to learn the myoelectric control for the user [33]–[37]. The study 
in chapter 5 only tested 2-finger combinations, even though the results 
of chapter 4 suggested that online control decreases with the simulta-
neous control of a higher amount of fingers. Therefore, more combinations 
should be tested, and the eventual learning asymptote of different 2-, 3-, 
4-, and 5-finger combinations should be compared. The amount of combi-
nations to test could be reduced based on functional tasks, such as the 
thumb and index finger combination that is related to a pinch task, or the 
5-finger combination that represents a grasp. 
Finally, it is of utmost importance, as mentioned before, to include amputee 
subjects. Some initial evidence is available that finger control is still possible 
for amputee subjects [46]–[52], although none of these studies tested the 
generalization outside trained movements. When evaluating myoelectric 
control with amputee subjects, it is important to incorporate all available 
muscle information, with as much distal muscles as possible. This is because 
the results of chapter 3 have shown that these signals contain more local-
ized information. 
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Summary 
 
 
Summary
The human hand is an amazing tool that most people use constantly 
throughout the day without putting much thought into it. We use our 
hands in order to communicate with others, to move objects, and to 
receive information about the world around us. Most common move-
ments, such as grasping, involve simultaneous use of multiple fingers, 
while the human hand is also capable of intricate individual movement 
patters such as playing the piano or typing. The planning and execu-
tion of these movements are enabled by a complex neurophysiological 
network encompassing cerebral cortex, cerebellum, brainstem, spinal 
cord, peripheral nerves, and skeletal muscles. From a mechanical and 
anatomical standpoint, the hand is also a very complex object, where 
muscles both inside and outside the hand control a high number of 
degrees of freedom (DoFs). There is no agreement yet in the scien-
tific community about how the hand is able to perform its movements, 
and how the brain is organized in order to allow these movements to 
be generated seemingly without effort. We explored how the primary 
motor cortex (M1) is organized to allow the efficient control of complex 
daily tasks, how it controls single finger movements, and how lost finger 
control can be restored through myoelectric control. The aims of this 
thesis were 
1. to study how movements that are common in daily life shape how our 
brain controls complex movements; 
2. to understand how our brain controls single finger presses; and
3. to develop a control strategy for myoelectric prostheses that allows 
for both single and combined finger movements.
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Neural control of fine hand movements
In the first part of the thesis, we investigated how our brain controls 
movement, with chapter 2 focusing on how the movements we make 
on a daily basis influence the organization of our motor cortex. The 
research was based on the idea that the movements we make often will 
have a bigger representation in our motor cortex than those we perform 
rarely in daily life. The strictest interpretation of this so-called ‘natural 
representation hypothesis’ implies that the probability of evoking a 
certain muscle pattern exactly matches the probability of that pattern 
as observed during daily use. This would also imply that new muscle 
patterns are very difficult, or even impossible, to create. In order to test 
the hypothesis, we compared the overlap in the covariance structures of 
electromyographic (EMG) activity resulting from different activations: 
transcranial stimulation, daily movements, and the less frequent single 
finger movements. The results showed that, while there is a common 
structure in muscle output of evoked movements and daily movements, 
the strictest version of the ‘natural representation hypothesis’ does not 
hold. The fact that the ‘natural representation hypothesis’ was found 
to be not true is good news, as this allows us to perform less frequent 
finger movements, and even to create new movements. In fact, the other 
chapters in this thesis made use of this possibility to adapt our neural 
control for different movements, and even create new movements, as 
we investigate infrequent movements in chapter 3, and created pros-
thetic control based on novel muscle patterns in chapters 4 and 5.
Controlling single finger movements is hampered by neural and mechan-
ical constraints. Testing single finger movements, both by examining force 
presses and actual movements, has previously shown that fingers do not 
move independently, as the neighbouring fingers that were not instructed 
to act also exhibit forces or movements. This is referred to as enslaving. 
Chapter 3 expands on the existing research into the neural constraints to 
single finger movements by investigating the neural drive to both intrinsic and 
extrinsic finger muscles. The results showed that the brain controls intrinsic 
and extrinsic finger muscles differently. The muscles within the hand are 
activated specifically for the fingers they are anatomically connected with, 
which leads to a focused control. Contrary to this, the muscles in the lower 
arm are activated for all finger movements, irrespective of what finger they 
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are associated with. On top of this broad overall activation, the extrinsic 
agonistic muscles related to the instructed finger showed some extra acti-
vation. The results of this chapter suggest that enslaving might be a result 
of the inability of the intrinsic muscles to counteract the forces produced by 
the broad activation of extrinsic muscles. The distinct patterns in intrinsic 
and extrinsic muscles is important when we want to decode intent in move-
ment, as in myoelectric control. The EMG signal could for example be used 
to control an orthosis supporting movement after stroke, or in a prosthesis 
that restores movement for people with an amputation (chapters 4 and 5). 
Our results show that the intrinsic muscles could give a much better idea of 
what the user tries to do. Unfortunately, distal muscles show more abnormal 
patterns than more proximal muscles in patients with stroke, and, of course, 
hand muscles are missing with amputations at or proximal to the wrist. 
Translating fine hand movements  
to prosthetic control
The second part of the thesis focuses on myoelectric control, the esti-
mation of movements based on the electrical signals of the muscles. The 
loss of hand function has a tremendous influence on daily life. In order to 
restore the lost function, it is important to be aware of what movement the 
patient is trying to make. Human-machine interfaces, of which myoelectric 
controlled prosthesis are an example, allow the interpretation of human 
intention by 'reading' the neural system. State-of-the art prostheses allow 
for the separate control of the fingers in an attempt to mimic natural hand 
use. In these prostheses, each finger is controlled as a separate DoF. We 
tested regression based myoelectric control, where the controller can 
predict any untrained combination of DoFs after training only on single 
DoFs. This is important for eventual clinical implementation, as the training 
time would increase substantially when all possible combinations of single 
finger movements would have to be trained. Chapter 4 was a proof-of-
concept study showing that combined control can be achieved in real time, 
also called ‘online control’.
The ultimate goal in prosthetic control research is developing a product 
that is comfortable and easy to use, while also providing a control that is 
close to how we use our hands in daily life. It is thought that prostheses will 
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be easier to use if the intended movements can be achieved by producing 
the same muscle pattern that is created when the user imagines that move-
ment, called ‘intuitive control’. In order to achieve this, a regressor is trained 
on the muscle patterns from specific movements, so that it can later recog-
nize these and translate them into the intended movement. Therefore, in 
chapter 5, we investigated if muscle patterns are stable during myoelec-
tric control, and they are identical to the patterns created during normal, 
force controlled presses. 
When participants were given more time to get familiar with the controller in 
chapter 5, they were able to control the task better. However, we observed 
a large variability between participants. This led us to believe that the task 
is possible, but that some users need more time to learn the task than 
others. The analysis of both the forces and the EMG patterns showed that 
myoelectric control is not intuitive, even when the movements from the 
training data are repeated in a myoelectric control setting. This suggests 
that myoelectric control is a new task, and motor commands to the muscles 
have to be updated in order to learn this task. These motor commands 
are updated by comparing the feedback of the task to what outcome the 
participant expected. This expected outcome is formed by an internal 
model, that can only be updated when a task is performed online, as it 
allows us to immediately observe the error between the expected outcome 
and the feedback. By correcting this error online, the internal model learns 
to associate a new muscle pattern with the expected outcome. The finding 
that myoelectric control is a new task to be learned suggests that the 
ability of the user to learn EMG-to-control mappings in finger control has a 
greater impact on performance than the offline accuracy of the myoelec-
tric controller. As a consequence, simple algorithms might also lead to a 
good control if they are easy to learn.
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Conclusion
This thesis consists of two parts in which we studied fine hand movements 
from both a basic neurosciencific, and applied point of view. Throughout 
the thesis, we showed 
1. that our primary motor cortex partially represents the movements that 
are common in daily life; 
2. that the brain controls the two muscle groups involved in single finger 
movements – these within the hand, and the muscles in the lower arm – 
in a different manner; and
3. that we can restore single and combined finger control through the use 
of regression techniques in myoelectric prostheses.
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Nederlandse samenvatting 
Summary in Dutch 
De menselijke hand is een prachtig werktuig dat we voortdurend gebruiken 
zonder al te veel na te hoeven denken. We gebruiken onze handen om met 
anderen te communiceren, om objecten te verplaatsen in de ruimte, en 
om informatie over onze omgeving op te nemen. Enerzijds bewegen we bij 
handelingen die we vaak maken, zoals het vastpakken van een kop koffie, een 
aantal vingers gelijktijdig. Anderzijds is de hand ook in staat om heel fijne 
patronen van individuele vingerbewegingen, zoals typen of pianospelen, 
te maken. Deze bewegingen worden voorbereid en uitgevoerd door een 
complex neurofysiologisch netwerk dat cortex, cerebellum, hersenstam, 
ruggengraat, perifere zenuwen, en skeletspieren omvat. De hand is biome-
chanisch zeer complex door ingewikkelde botstructuren en de daarmee 
verbonden spieren en pezen die zich zowel in de hand als in de onderarm 
bevinden. Daardoor moet een hoog aantal vrijheidsgraden (degrees of 
freedom - DoFs) worden bestuurd. De wetenschappelijke wereld heeft nog 
niet precies kunnen laten zien hoe de hand al die complexe bewegingen reali-
seert en hoe onze hersenen georganiseerd zijn om deze bewegingen moei-
teloos uit te voeren. Wij hebben onderzocht hoe een motorisch gedeelte van 
de cortex (M1) georganiseerd is om de complexe dagelijkse bewegingen effi-
ciënt uit te voeren, hoe M1 enkele vinger bewegingen genereert, maar ook 
hoe we verloren gegane vingerbesturing technisch weer kunnen herstellen. 
In dit proefschrift staan 3 vragen centraal: 
1. hoe beïnvloeden frequente dagelijkse bewegingen onze hersenen, waarbij 
tegelijkertijd ook andere, minder dagelijkse bewegingen mogelijk blijven; 
2. hoe worden de spieren aangestuurd om enkele vingers te bewegen; en 
3. hoe kunnen zogenaamde myoelektrische prothesen worden ontwikkeld 
die zowel enkele vingerbewegingen als ook combinaties van deze bewe-
gingen mogelijk maken.
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Neurale controle van fijne hand bewegingen
In het eerste deel van dit proefschrift onderzochten we hoe onze hersenen 
bewegingen aansturen, waarbij hoofdstuk 2 zich richt op hoe onze dage-
lijkse bewegingen de organisatie van onze hersenen beïnvloeden. Het 
onderzoek was gebaseerd op het idee dat de grootte van de represen-
tatie van een beweging in onze hersenen afhangt van hoe vaak deze bewe-
ging wordt uitgevoerd. De meest strikte interpretatie van deze ‘natuurlijke 
representatie hypothese’ geeft aan dat de waarschijnlijkheid van de gene-
ratie van een bepaald spierpatroon exact overeenkomt met de waarschijn-
lijkheid dat dit patroon voorkomt in dagelijkse bewegingen. Een gevolg 
hiervan zou zijn dat nieuwe spierpatronen moeilijk, en in principe zelfs 
onmogelijk, te genereren zijn. We hebben deze hypothese getest door de 
covariantie structuur van de spierbesturing uit verschillende zogenaamde 
elektromyografie (EMG) signalen te vergelijken bij verschillende active-
ringen. De activeringen die worden vergeleken ontstaan uit (i) het stimu-
leren van de cortex, (ii) uit dagelijkse bewegingen, en (iii) vanuit de minder 
voorkomende bewegingen van enkele vingers. De resultaten toonden aan 
dat ondanks een gemeenschappelijke structuur in de spierpatronen ten 
gevolge van stimulatie en dagelijkse bewegingen, de ‘natuurlijke represen-
tatie hypothese’ toch niet volledig gevolgd wordt. Dit moet echter als goed 
nieuws worden gezien aangezien het ons toelaat om minder voorkomende 
bewegingen, en zelfs compleet nieuwe spierpatronen, te leren genereren. 
Deze bevinding werd verder onderzocht in dit proefschrift, waarbij we 
minder vaak voorkomende bewegingen onderzochten in hoofdstuk 3, en 
we myoelektrische besturingssignalen op basis van nieuwe spierpatronen 
onderzochten in hoofdstukken 4 en 5.
Het maken van individuele vingerbewegingen wordt bemoeilijkt door zowel 
neurale als mechanische beperkingen. Onderzoek naar enkele vingerbe-
wegingen, zowel door het bestuderen van krachtsuitoefening met vingers 
door te drukken als door vingerbewegingen, toont aan dat vingers niet 
onafhankelijk bewegen, maar dat de nabijliggende vingers die passief 
zouden moeten zijn, ongewild ook kracht of beweging vertonen. In de liter-
atuur wordt dit aangeduid als ‘enslaving’. Hoofdstuk 3 is een uitbreiding op 
de bestaande wetenschappelijke literatuur waarin de neurale beperkingen 
van enkele vingerbewegingen worden onderzocht door gelijktijdig de 
intrinsieke en extrinsieke spieren (dit zijn respectievelijk de spieren in de 
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hand en die in de onderarm) te bestuderen. De resultaten tonen aan dat 
de hersenen de intrinsieke en extrinsieke spieren op een verschillende 
manier aanstuurt. De (intrinsieke) spieren in de hand worden voornamelijk 
geactiveerd wanneer de vinger waarmee ze anatomisch gelinkt zijn kracht 
uitoefent. Dit kan worden afgeleid uit de gefocuste aansturing van deze 
spieren. De spieren in de onderarm worden daarentegen geactiveerd voor 
alle mogelijke vingerbewegingen, onafhankelijk van met welke vinger ze het 
meest geassocieerd zijn. Bovenop deze algemene aansturing van de extrin-
sieke spieren zien we ook een kleine extra modulatie van de met de instruc-
tievinger meest geassocieerde spier. De analyse van deze gegevens sugg-
ereert dat de ongewilde aansturing van naastliggende vingers waarschijnlijk 
van deze algemene aansturing van de spieren in de onderarm komt. Het 
gefocuste patroon in de spieren in de hand is niet sterk genoeg om deze 
brede activatie teniet te doen. Het kenmerkende patroon van zowel intrin-
sieke als extrinsieke spieren is belangrijk wanneer we geplande bewegingen 
willen afleiden door het uitlezen van spieractiviteit, zoals in myoelektrische 
besturing. EMG-signalen kunnen bijvoorbeeld gebruikt worden om een 
beweging van de hand bij te staan na een beroerte door het aansturen 
van een orthose, of om bewegingen van de hand te vervangen door deze 
van een prothese bij mensen met een amputatie (hoofdstuk 4 en 5). Onze 
resultaten tonen aan dat de intrinsieke spieren een duidelijker beeld geven 
van welke beweging de gebruiker probeert uit te voeren. Helaas zijn dat 
ook net de spieren die slechter aangestuurd worden na een beroerte, of 
ontbreken bij een amputatie ter hoogte van de pols of de onderarm.
Fijne hand bewegingen mogelijk maken met de 
aansturing van een prothese
In het tweede deel van dit proefschrift concentreren we ons op myoelek-
trische besturing, het voorspellen van bewegingen op basis van de elek-
trische signalen vanuit de spieren. Het verlies van handfunctie heeft een 
grote invloed op het dagelijks leven. Het is belangrijk om te interpret-
eren welke bewegingen een patiënt wil maken om zo de verloren functie 
te vervangen. Mens-machine koppelingen, waarvan myoelektrische proth-
esen een voorbeeld zijn, maken deze interpretatie mogelijk door een link te 
maken met de hersenen, de zenuwen, of de spieren. De meest geavanceerde 
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prothesen laten toe dat elke vinger apart bestuurd wordt, in een poging om 
natuurlijke bewegingen na te bootsen. Iedere vinger wordt hierbij aanzien 
als een aparte DoF. We onderzochten myoelektrische besturing op basis 
van regressietechnieken, aangezien deze toelaten om elke combinatie van 
DoFs te voorspellen, zelfs als het systeem enkel getraind is op de activatie 
van de aparte DoFs. Dit is belangrijk voor een vertaling naar een klinische 
omgeving, aangezien de tijd die nodig is om het systeem te trainen sterk 
zou toenemen wanneer alle mogelijke combinaties van vingerbewegingen 
getraind moeten worden. Hoofdstuk 4 was een ‘proof-of-concept’ studie 
die aantoont dat we combinaties van vingerbewegingen kunnen genereren 
in real time, wat ook wel ‘online’ wordt genoemd.
Het uiteindelijke doel bij het aansturen van prothesen is om een product 
te ontwikkelen dat comfortabel en makkelijk te gebruiken is, terwijl het de 
natuurlijke bewegingen van de hand zo dicht mogelijk benadert. Men gaat 
er vanuit dat het makkelijker zal zijn om prothesen aan te sturen wanneer 
een spierpatroon dat gegeneerd wordt wanneer een bepaalde beweging 
ingebeeld wordt, ook diezelfde beweging zal creëren via myoelektrische 
controle. Dit principe wordt ook wel ‘intuïtieve controle’ genoemd. Om dit 
te realiseren, wordt een regressor getraind op spierpatronen van bepaalde 
bewegingen, zodat het later deze patronen kan herkennen en omzetten 
in de bijhorende beweging. In hoofdstuk 5 onderzochten we of spierpa-
tronen stabiel zijn tijdens myoelektrische besturing, en of deze spierpa-
tronen gelijk zijn aan de patronen die worden gecreëerd bij normale acti-
veringen zoals het met een vinger drukken.
Deelnemers van de studie in hoofdstuk 5 waren beter in de taak dan 
degenen in hoofdstuk 4 aangezien ze meer tijd kregen om zich aan te 
passen aan de taak. Ondanks dit zagen we toch een grote variabiliteit tussen 
de resultaten van de verschillende deelnemers. Dit doet ons geloven dat 
de taak mogelijk is, maar dat sommige gebruikers meer tijd nodig hebben 
om de taak te leren dan andere. De analyse van zowel de krachten als de 
EMG-patronen toont aan dat myoelektrische besuring niet intuïtief is, zelfs 
voor de bewegingen die deel uitmaken van de getrainde set. Dit suggereert 
dat myoelektrische aansturing een nieuwe taak is die moet worden geleerd, 
en dat de signalen die de spieren aansturen vanuit de hersenen moeten 
worden aangepast. Deze aanpassing wordt mogelijk gemaakt door de taak 
online uit te voeren, aangezien de gebruiker kan zien wat de myoelektrische 
aansturing voorspelt in vergelijking met wat de gebruiker zelf dacht dat het 
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resultaat zou zijn. Door dit verschil online te verkleinen, zullen de hersenen 
leren de beweging te associëren met een nieuw spierpatroon. De bevinding 
dat myoelektrische besturing een nieuwe taak is die moet worden aange-
leerd, geeft aan dat prestaties van een myoelektrische prothese miss-
chien meer afhangt van hoe gemakkelijk de myoelektrische besturing aan 
te leren is, en niet zozeer van de complexiteit van het systeem. Daardoor 
kunnen simpele algoritmes misschien tot een betere aansturing leiden als 
ze makkelijk te begrijpen zijn door de gebruiker.
Conclusie
Dit proefschrift bestaat uit twee delen, waarbij we fijne handbewegingen 
bestudeerden vanuit het perspectief van de neurowetenschappen en 
dat van een toepassing, de myoelektrische besturing. In het proefschrift 
hebben we aangetoond 
1. dat in onze hersenen gedeeltelijk de dagelijkse bewegingen gerepresen-
teerd zijn; 
2. dat de hersenen de twee spiergroepen die verantwoordelijk zijn voor 
enkele vinger bewegingen – die in de hand, en die in de onderarm – op 
een verschillende manier aanstuurt; en 
3. dat we ontbrekende enkele vingerbewegingen en combinaties hiervan 
kunnen herstellen door middel van regressie technieken en myoelek-
trische prothesen.
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Intelligence is the ability  
to adapt to change
Stephen Hawking
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